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ABSTRACT 

In this thesis analysis, a methodology is presented for evaluating uncertainty m 

hydrologic predictions that are based on remote sensing data for parameter estimation. 

The methodology is applied to the HEC-1 model for a highly developed basin in 

Scottsdale, Arizona to compare three remote sensing data sources; NSOO 1, Landsat, and 

SPOT. Hydrologic parameters are estimated using the three remote sensing data sources 

and the uncertainty in those estimates is determined by a procedure incorporating three 

sources of uncertainty; image misclassification, error in parameter assignments for a 

particular landuse class, and aggregation of image pixels to subbasins. The parameter 

uncertainty is then propagated to model output uncertainty by several different 

uncertainty analysis methods in order to assess the accuracy of methods more efficient 

than Monte Carlo Simulation. The results of the analysis were compared for (1) the 

remote sensing images (2) the different sources of uncertainty in each image, (3) two 

uncertain parameters, and ( 4) the different uncertainty analysis methods. The results 

showed that spatial and spectral image resolution was important in identifying model 

parameters and in the prediction of peak flow. 
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CHAPTER 1 - INTRODUCTION 

1.1 Purpose 

In the field of hydrology, an important application of the scientific theory that 

describes natural hydrologic processes is the prediction of the runoff produced by a 

rainfall event. Engineers, hydrologists, and others perform rainfall-runoff modeling for 

several purposes, such as flood forecasting, historical storm simulation, and structural 

planning and design. The computer models used for rainfall-runoff modeling require 

input information, or parameters, that describe the watershed characteristics. In the past, 

data for parameter estimation was collected predominantly by field observation and 

measurement. Field data collection, however, is time consuming and resulting data 

coverage is often sparse. With recent technological advances, data collected by remote 

sensing systems, on both aircraft and satellite platforms, is becoming more readily 

available and this data can be used for the estimation of some hydrologic parameters. In 

general, remotely sensed data requires less collection time and provides more complete 

coverage of the watershed. The use of remote sensing images as a data source for 

parameter estimation therefore has the potential to improve and facilitate hydrologic 

predictions, or rainfall-runoff modeling, particularly in well-developed areas, where the 

predictions are often the most vital. 

Urban and suburban watersheds are characterized by a high percentage of 

impervious area, high spatial variability of land cover, and a high frequency of land cover 

change over time. The large percentage of impervious surfaces in developed watersheds 
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decreases the infiltration potential, thus the watersheds have high overall runoff. 

Increased runoff, combined with high population density, elevates the need for reliable 

hydrologic predictions. The types of land cover found in developed areas, ranging from 

grass and bare soil to asphalt and rooftops, are highly interspersed throughout the 

watershed. These surfaces have very different hydrologic properties and it is important to 

capture those small-scale differences to accurately model runoff behavior in the 

watershed. Furthermore, the land cover changes at a relatively high rate due 

development and reconstruction making it necessary to collect data frequently. With 

such characteristics, urban watersheds would benefit from data sources of high accuracy, 

high spatial resolution, and easy collection. 

All data sets, including remotely sensed data, inherently contain some degree of 

uncertainty due to measurement and other sources of error. Thus, the parameters 

estimated from such data are uncertain, which in tum propagates to uncertain hydrologic 

predictions. In order for city managers and planners to appropriately make use of the 

model predictions, whether for flood forecasting or for planning purposes, they must 

know how much uncertainty is associated with those predictions. Therefore the 

advantage of using a particular data source depends not only on the magnitude of the 

resulting prediction's uncertainty induced by that data, but also on the feasibility of 

quantifying that uncertainty. 

1.2 Organization 

This thesis is organized into several chapters. Chapter 2 includes background 

information such as basin characteristics, data sources, model description and literature 
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review. Chapter 3 explains the methods and results of the sensitivity analysis, and 

Chapter 4 introduces the uncertainty analysis methods and two preliminary applications 

of these methods. Chapter 5 explains the remote sensing data analysis, including 

parameter estimation, model development and uncertainty estimation. Chapter 6 presents 

the results of the final uncertainty analysis and Chapter 7 discusses the major conclusions 

and recommendations for future work. 
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CHAPTER2-BACKGROUND 

2.1 Study Site 

The watershed used in this analysis is located in Scottsdale, Arizona and 

encompasses approximately 50. 77 square miles, or the entire city of Scottsdale. The map 

below (Figure 2.1) shows the location of this area in the state of Arizona. The watershed 

is predominantly a flat intermountain valley, with the exception of Camelback Mountain 

and its foothills, located in the northwest. The watershed is composed of 31 main basins 

that vary in size and the degree of urbanization. The southern basins are considered fully 

urbanized, while the northern, larger basins are only partially urbanized. Figure 2.2 

depicts the basin configuration. Indian Bend Wash is the major channel and drainage 

route and runs north to south through the center of the lower portion of the watershed. 

Tributary natural channels, roadways, and pipes form the rest of the channel network . 

..... - ~· •.-1-,t-ft 
~,! :::! .(~·1~ ~"!" 11 ·· -

Figure 2.1 Location of study site Figure 2.2 Basin configuration 
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The hydrologic and physical characteristics of the watershed are typical of 

southwestern urban areas. The climate is semi-arid, receiving an average of 9.32 inches 

of rainfall annually. Vegetation is sparse in undeveloped areas, consisting of primarily 

cacti and desert shrub, and variable in developed areas, with some grass lawns and trees, 

and some bare gravel yards or desert landscaping. The slope of the basin is very low, 

except in the region of Camelback Mountain, and land cover ranges from asphalt and 

building to grass and agriculture. The soil is predominantly of SCS soil group B 

(moderate infiltration rates), with small, interspersed sections of group D (very low 

infiltration rates). With a high level of urbanization (50% impervious area) this 

watershed is susceptible to large surface runoff and flooding. 

For modeling purposes, each of the 31 basins was treated as an independent basin 

and is further divided into sub-basins. All of the analyses in this study focused on Basin 

9 in the southeastern part of the watershed. This particular basin is 2.4 square miles, it is 

fully urbanized and it was delineated into 25 sub-basins for this study. It is the only basin 

in the watershed for which full coverage in all remote sensing data sources was available, 

and for that reason Basin 9 was the focus of the study. Refer to Figure 2.3 for a map of 

Basin 9 and its 25 sub-basin configuration. 

2.2 Data Sources 

The three remote sensing data sources used in this study for parameter estimation 

are Landsat, SPOT and NSOO 1. These sources were chosen because they vary m 

characteristics, they can be utilized for hydrologic parameter estimation, and because 



20 

Figure 2.3 Basin 9 and its 25-subbasin configuration 

urban communities will potentially use them as a common data source in the future. 

Although they are all in the same general class of remote sensing, passive optical remote 

sensing, these systems vary in spatial resolution, spectral resolution, platform, 

technology, and cost of acquisition. The following sections briefly describe the 

characteristics of the three remote sensing systems. 

2.2.1 Landsat 

The Landsat system was the first satellite system designed to provide near global 

coverage of the earth's surface on a regular basis. The system includes a series of 7 

satellites, all launched by NASA, with the most recent, Landsat 7, launched on April 15, 

1999. The image used in this analysis was acquired using the Thematic Mapper (TM) 
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sensor. The Thematic Mapper measures radiative reflectance in seven bands at a spatial 

resolution of 30m in all but the thermal band (120m). The technology employed by this 

sensor is known as "whisk broom" and is composed of oscillating mirrors which 

simultaneously scan six lines normal to the forward direction of motion. Landsat 5 

travels in a near polar, sun synchronous orbit at an altitude of 705 km, therefore the TM 

always collects data at the same time, 9:30AM local time. A full listing of the spatial and 

spectral characteristics of Landsat TM is shown in Table 2.1 (Richards, 1995). 

Table 2.1 Characteristics of Landsat TM 

Band Wavelengths (µm) Spatial Resolution (m) 

l 0.45-0.52 (blue) 30 X 30 
2 0.52-0.60 (green) 30 X 30 
3 0.63-0.69 (red) 30 X 30 
4 0.76-0.90 (near IR) 30x 30 
5 1.55-1.75 (mid IR) 30 X 30 
6 2.08-2.35 (mid IR) 30 X 30 
7 10.4-12.5 (thermal) 120 X 120 

(Richards, 1995) 

2.2.2 SPOT 

The SPOT satellites (Systeme Probatoire d'Observation de la Terre), launched by 

France, carry two imaging devices referred to as HRV's, or High Resolution Visible 

Imaging Instrument. These instruments differ from Landsat's TM both in technology, 

spectral bands, and spatial resolution. Rather than using oscillating mirrors, the SPOT 

HRV utilizes a "push broom" scanner, or a linear array of devices which scan in the 

along track direction. The elimination of mechanical ( oscillating) scanning results in a 
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longer possible dwell time, the time which a sensor "looks" at one spot, therefore a 

higher possible spatial resolution. A drawback, however, is that at the time of 

development this technology was not available for some wavelengths. As a result, SPOT 

HRV acquires images with a higher spatial resolution (20m), but lower spectral 

resolution than Landsat TM (Richards, 1995). The HRV sensor has two imaging modes, 

one is multispectral and the other is panchromatic. The image used in this study was 

acquired from SPOT 3 in the multispectral mode. Like Landsat, SPOT 3 travels in a sun-

synchronous orbit, but has a local observation time of 10:30AM. See Table 2.2 for the 

relevant characteristics of SPOT HRV (Richards, 1995). 

Table 2.2 Characteristics of SPOT HRV (multis ectral mode) 

1 0.50-0.59 ( reen) 20 x 20 
2 0.61-0.68 (red) 20 x 20 
3 0.79-0.89 (near IR) 20 x 20 

(Richards, 1995) 

2.2.3 NSOOI 

Also developed by NASA, NSOOl is unlike the other two data sources in that it is 

mounted on an aircraft platform rather than a satellite. The instruments are flown on a 

C130 aircraft at an altitude which achieves a spatial resolution of 3m. The NSOOl sensor, 

often referred to as the "Landsat Simulator," is similar to Landsat TM in both technology 

and spectral resolution, with the addition of one band at 1.0 - 1.3 µm. Therefore, NSOOl 

has the highest spectral resolution as well as the highest spatial resolution of the three 

data sources. 
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Table 2.3 Characteristics of NSOO 1 

Band Wavelengths (µm) Spatial Resolution 

1 0.45-0.52 (blue) 3x3 

2 0.52-0.60 (green) 3x3 

3 0.63-0.69 (red) 3x3 

4 0.76-0.90 (near IR) 3x3 

5 1.00-1.30 (near/mid IR) 3x3 

6 1.55-1.75 (mid IR) 3x3 

7 2.08-2.35 (mid IR) 3x3 

8 10.4-12.5 (thermal) 3x3 

2.3 Hydrologic Model 

The HEC-1 Flood Hydrograph Package was developed by the Hydrologic 

Engineering Center of the Army Corps of Engineers. The 1990 version was applied in 

this study. HEC-1 's primary capability is the simulation of the rainfall-runoff process. 

Many urban communities have adopted it for use in hydrologic/hydraulic prediction and 

planning, including the city of Scottsdale, AZ. Using the HEC-1 model in this study was 

thus advantageous in that the results will be widely applicable to many urban 

communities. 

2.3 .1 HEC-1 Model Structure 

HEC-1 is an event-based model, meaning simulations are limited to a single storm 

because soil moisture recovery between storms was not accounted for in the model 

development. It can be implemented in either a lumped or a distributed format, 

depending on the basin configuration and the chosen mathematical methods for 
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modeling. A watershed can be delineated as one single basin, a lumped configuration, 

with all parameters averaged over that basin area, or as a more physically realistic, 

distributed configuration, where the basin is subdivided into several sub-basins of similar 

hydrologic characteristics. Within each sub-basin, the hydrologic processes are 

mathematically modeled in HEC-1 as an interconnected group of components, or 

operations. The core components include rainfall excess, land surface runoff, and 

streamflow channel routing. For each component, several methods of calculation are 

available and selection of the most appropriate method depends on the basin 

characteristics and desired results. Similarly, several input format options are available 

for rainfall data, and the format choice depends on the purpose of the study. The primary 

outputs of the model are the runoff hydrographs (peak discharges and times to peak) at 

the outlets of each of the watershed sub-basins. 

In this study, the HEC-1 model was applied in a distributed configuration, with 25 

sub-basins, for 6 hypothetical design storms, namely the 2-yr, 5-yr, 10-yr, 25-yr, 50-yr, 

and 100-yr storms. The cumulative rainfall depths for the hypothetical storms (see Table 

2.4.) were taken from the models previously developed by KVL Consultants, Inc. for the 

city of Scottsdale. Since the purpose of this study is the comparison of data sources for 

parameter estimation and not for replication of an actual event, the input option of 

hypothetical storms was appropriate. The rainfall is automatically distributed over the 

duration of the storm within HEC-1. An example of a resulting hyetograph for the 100-yr 

storm is shown in Figure 2.4. The hyetographs distributed the same for all return periods. 

A peak of intense rainfall occurs midway through the storm duration, with continuously 
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increasing and decreasing intensities before and after the peak. This single peak of high 

intensity rainfall dominates the time at which peak runoff will occur. 

T bl 2 4 C a e . 1 . . flld h £ h h . 1 umu atlve ram a ept s or lypot etica storms 

Return Period 5 min 15 min 60min 2 hr 3 hr 
(inches) (inches) (inches) (inches) (inches) 

2-yr 0.32 0.59 0.95 1.02 1.06 
5-yr 0.43 0.81 1.35 1.47 1.54 

10-yr 0.50 0.97 1.62 1.77 1.86 

25-yr 0.61 1.18 1.98 2.17 2.30 

50-yr 0.69 1.34 2.27 2.49 2.64 

100-yr 0.76 1.50 2.55 2.81 2.98 
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Figure 2.4 100-yr storm hyetograph 

The model parameters were estimated from a combination of ( 1) the previously 

described remote sensing data (Landsat, SPOT, NS001), (2) a Digital Elevation Model 

(DEM) and (3) field data collection. The SCS Curve Number method was used to 

compute rainfall excess component and the kinematic wave method was used for both 

land surface runoff and channel routing components. These methods are described 

below. 
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2.3.2 SCS Curve Number Abstraction Method 

The SCS Curve Number Method, developed by the Soil Conservation Service 

(SCS) of the U.S Department of Agriculture, relates rainfall excess to total accumulated 

rainfall using an empirical parameter known as the curve number (CN). The curve 

number of a soil type describes the drainage characteristics of that particular soil and is a 

function of the hydrologic soil group (A, B, C or D), soil cover, land use type, treatment, 

hydrologic condition, and antecedent moisture conditions (Rawls et al., 1993). Treatment 

and hydrologic condition are characteristics pertaining to cultivated agricultural areas. 

The value of CN varies from 30 to 100, where a CN of 100 represents a completely 

impervious area. In the following table (Table 2.5), land cover classes typical of an urban 

watershed, such as Scottsdale, are listed with their associated curve numbers for each soil 

group. Note that surfaces typically considered impervious, such as asphalt, are assigned a 

CN of 98 to account for the seepage that occurs in cracks or holes. 

Table 2.5 Urban land cover classes and associated curve numbers 
Land Cover Soil Group A Soil Group B Soil Group C Soil Group D 

asphalt/concrete 98 98 98 98 

building 98 98 98 98 

industrial 81 88 91 93 

residential ( 1/8 ac) 77 85 90 92 

gravel 76 85 89 91 

bare soil 72 82 87 89 

grass 49 69 79 84 
(Hoggan, 1997) 



The potential maximum retention after runoff begins, S, is related to curve number by 

S = 1000 -10 
CN 

where S is in inches, and the SCS runoff equation (for a given time period) is 

Q = (P-JJ2 
(P-JJ+S 

where Q = cumulative runoff or rainfall excess, in. 

P = cumulative rainfall, in. 

S = potential maximum retention after runoff begins, in. 

Ia = initial abstraction, in. 

(2.1) 

(2.2). 
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Initial abstraction is rainfall retained in surface depressions and intercepted by vegetation, 

evaporation, and infiltration before runoff begins. If unknown, Ia is typically 

approximated by the following empirical relationship 

la= 0.2S (2.3) 

Using these three equations with user supplied values of CN and Ia, HEC-1 

converts the rainfall input into rainfall excess, which is then routed over the land surface 

and through the channel network to the basin outlet. (U.S. Army Corps of Engineers, 

1990; Hoggan, 1997; Rawls et. al, 1993). 

2.3.3 Kinematic Wave Routing Method 

Kinematic wave routing, used in this study for both overland flow and channel 

routing, is one of two general techniques available in HEC-1 for rainfall excess routing 

over land surfaces. The other technique, the unit hydrograph method, is based on the 
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estimation of the shape of the runoff unit hydrograph for particular basin. The unit 

hydrograph method is a lumped method so it produces a runoff hydrograph only at the 

sub-basin outlet. The kinematic wave method, however, is a more complex hydraulic 

routing method based on the solution of the continuity and momentum equations for 

unsteady, open channel flow and it allows for the distribution of surface runoff along the 

length of the main channel. Physical parameters such as catchment length and area, 

roughness, slope, and channel geometry are used to define the flow over land surfaces, 

into stream channels and through the channel network. Since variation in these 

parameters reflects the effects of urbanization, this method is particularly useful for urban 

watersheds. Therefore, kinematic wave method was adopted for this study. 

The fundamental assumption of kinematic wave routing is that inertial and 

pressure forces are negligible, and gravitational forces on a fluid are approximately equal 

to the resistive forces of bed friction (Hoggan, 1997). By this assumption, the governing 

equations of the movement of a flood wave (St Venant Equations) are reduced to a one

dimensional continuity equation and a uniform flow relationship, such as Manning's 

equation, in place of the full momentum equation. The resulting equations dictate that 

the kinematic waves of a natural flood will dominate the dynamic waves, a condition 

which has been shown to be true for overland flow and normal floods in most natural 

nvers. 

In HEC-1, two basic elements, overland flow planes and channels, are used to 

represent physical features for kinematic wave routing. For each sub-basin, one or two 

overland flow planes are combined with one or two channel elements. Two overland 
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flow planes are used in this study, one to represent perv1ous areas and another to 

represent impervious areas. Runoff from these two planes flows laterally into the sub

basin channel and is the input for kinematic wave channel routing. Figure 2.4 is a 

schematic of these flow elements that shows how they are connected to represent a sub

basin. 

Pervious Overland Flow Plane 

• Impervious Overland Flow Plane 

Main Channel 

Figure 2.4 Relationship between flow elements for the kinematic wave routing method 

Overland-flow elements are rectangular planes over which runoff is uniformly 

distributed at very shallow depths across a wide area. For each plane, average parameter 

values are provided as input to the model, including flow length, slope, roughness, and 

loss rates (curve numbers in this case). Likewise, channel parameters, such as length, 

slope, roughness, and shape, are provided as input to HEC-1. Channel routing operations 

are the same for routing of local sub-basin overland flow through the main channel of 
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that basin and for routing the outflow from an upstream sub-basin through a main channel 

to the outlet point of another basin. 

The governing equations of kinematic overland flow routing and channel routing 

are of the same basic form. For overland flow, the equations in terms of flow per unit 

width, or per unit length of the channel, include a uniform flow relationship, Manning's 

equation: 

(2.4) 

where 

q0 = flow per unit width ( cfs/ft) 

1.49 fc ao = ---v S
0 

= conveyance factor 
N 

m0 = 5/3 from Manning ' s equation 

S0 = average overland flow slope 

Yo = mean depth of overland flow (ft) 

and the one dimensional continuity equation: 

(2.5) 

where 

i - f = rate of rainfall excess (ft/s) 

q0 = flow rate per unit width (cfs/ft) 

Yo = mean depth of overland flow (ft) 

x = axis of flow direction. 
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Combining equations (2.4) and (2.5) gives 

ay o + a m y m() -1 ay () = i - f at O O O ax (2.6) 

which is solved numerically for y0 in HEC-1 by finite difference. Then y0 is substituted 

into Eq. (1.4) to get the value of q0 , overland flow per unit width of area. 

For channel routing the equations are similar, but lateral inflow from surface 

runoff is the system input, rather than rainfall excess. For basin collector channels and 

for the main channel network, 

(2.7) 

(2.8) 

Where 

A c = cross-sectional flow area (ft2
), 

Qc = discharge (cfs), 

q0 = overland inflow per unit channel length (cfs/ft), 

a0 me = kinematic wave parameters for the particular channel. 

The kinematic wave parameters are determined from channel geometry and, as for 

overland flow routing, the two equations are combined into one which can be numerically 

solved for A c. Ac is then substituted into Eq. (2.8) to find Qc, the channel discharge 

(Bedient and Huber, 1992; Hoggan, 1997). 
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2.4 Literature Review 

2.4.1 Remote Sensing in Hydrologic Modeling 

Remote Sensing is still a relatively new tool in the field of hydrology, however, in 

concert with rapidly advancing technology, research into the use of remote sensing data 

in hydrology is growing quickly. Due to the nature of the data, in both spatial 

distribution and areal extent, remote sensing has the potential to overcome one of the 

most persistent problems in hydrologic studies, that of insufficient or inadequate data. 

Use of the data has shown particular promise in the area of hydrologic modeling, which 

has therefore been the subject of many studies of remote sensing applications. Some 

relevant focuses of these remote sensing studies include variable model input 

measurement (rainfall and soil moisture), general basin characterization by (i.e., land use) 

and estimation and accuracy assessment of hydrologic model parameters. 

In a general summary of remote sensing uses in hydrology, Shultz (1988) 

explained that remote sensing can greatly improve our knowledge of precipitation, soil 

moisture, runoff, evaporation, snow and ice, sediments, water quality and more. Of these 

hydrologic variables, the two most widely studied, in association with remote sensing, are 

precipitation and soil moisture. Estimates of rainfall from radar remote sensing systems 

(i.e., NEXRAD) are used both as a tool for daily precipitation reports and forecasts and as 

input data for hydrologic models. Much current research focuses on improving and 

effectively utilizing radar rainfall data (see Finnerty et al., 1997; Wyss et al , 1990; Shutlz, 

1988). Like precipitation, soil moisture is a growing subject of remote sensing research, 

since it is a very important parameter in hydrologic models that is difficult to measure 
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and must be measured with high frequency. For example, Ottle and Vidal (1994) show 

how incorporating remotely sensed soil moisture data improved hydrologic model 

simulations of water flows at the outlets and estimates of evaporation. For other 

examples of soil moisture remote sensing research, see Cognard et al., (1996); Pietroniro, 

(1994); Njoku (1996); Kustas et al, (1998) and Callies et al, (1998). 

Landuse maps, from which hydrologic parameters can be estimated, are a 

common product of remote sensing data. Since the advent of remote sensing systems, 

particularly the Landsat system, there has been a significant amount of work done 

demonstrating the generation and utility of land use maps. Thomas ( 1980) and de Bruyn 

(1980) determined landuse classifications in South Africa and Zaire, respectively, and the 

Hydrologic Engineering Center (1979) investigated the utility of land use classifications 

for hydrologic modeling. More recently, Wold (1989) combined Landsat TM and SPOT 

panchromatic imagery to map land use/land cover for hydrologic modeling purposes. 

Haney et al, (1993) used land use maps to evaluate erosion and land use changes in an 

urbanizing watershed. Qari et al (1997) successfully used landuse delineations in Saudi 

Arabia, along with other data, to assess droughts. In a general discussion of the 

generation of landuse maps, Blyth (1993) explains that Landsat TM is used most widely 

in landuse applications , primarily because its spectral bands are well chosen for this 

purpose. 

In urban areas, land use mapping is more complex due to the wide variation in 

land cover type and the important distinction between pervious and impervious areas. 

Leak and Venugopal ( 1990) demonstrated how the success of some satellite systems, 
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namely Landsat and SPOT, for urban landuse mapping is limited by the spectral overlap 

of the materials or cover types commonly found in urban areas. In their work comparing 

Landsat MSS (78-m resolution) to Seasat satellite radar (25-m resolution), Fraysse and 

Hartl ( 1985) found that more categories of urban land use were depicted using the radar 

images. This suggests that merging Landsat TM or SPOT with satellite radar data in 

future systems may provide the best method of urban landuse mapping. However, for the 

level of detail necessary in landuse classifications for urban storm runoff models, Finch et 

al. ( 1989) found that, with high spatial and spectral resolution, an airborne multi-spectral 

scanner was the most suitable system. 

As mentioned, from remote sensmg data, and most often from landuse 

classifications, hydrologic model parameters can be estimated and the accurate estimation 

of these parameters is a crucial step in the modeling process. Some authors have 

investigated methods of using remote sensing data to estimate model parameters and the 

accuracy of the subsequent estimates. Blyth (1993) explains in general that parameters 

controlling evaporation, interception, runoff and more are commonly estimated from 

landuse classifications, thus from remote sensing systems. Chung (1991) used remotely 

sensed data for both delineation of watersheds and parameter estimation. France et al. , 

(1986) and Ragan et al. , (1979) focus on Landsat in particular for hydrologic model 

parameter estimation. 

SCS curve number and percent impervious area are two especially important 

parameters in urban hydrologic modeling that can be estimated using remotely sensed 

data. Al (1991) and Bondelid et al., (1982) estimated SCS curve numbers using remotely 
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sensed data, the former specifically for arid and semi-arid environments. Deguchi and 

Sugio (1994) derived percentage impervious in urban areas by two methods using 

Landsat MSS (Multi-Spectral Scanner), SPOT-HRV, and MOS-MESSR (Multi-spectral 

Electronic Self-Scanning Radiometer) for a small urbanized watershed in Japan. 

To fully understand the utility of the parameters estimated through remote 

sensing, the accuracy of the parameter estimates must be assessed. Jackson and McCuen 

( 1979) investigated theoretical methods to evaluate the error in percent impervious 

estimates from Landsat. They developed an error relationship between standard error of 

the parameter estimate for a single sensor element (pixel) and the standard error of the 

estimate for a larger hydrologic model unit (sub-basin) based on the relative (pixel to sub-

basin) size ratio. In their work mentioned above, Deguchi and Sugio ( 1994) also 

included an evaluation of the accuracy of their resulting parameter estimates. They 

determined the error in their estimates of percent impervious from satellite imagery was 

less than 10%, the same level of error as in estimates derived from aerial photographs. 

Other studies have evaluated error in remote sensing classifications of land cover, 

but have not extended the error evaluation to parameter estimates. Gammon et al., (1981) 

analyzed the error in Landsat classifications of vegetation in the Great Dismal Swamp 

and Toll ( 1985) considered the effect of Landsat TM sensor parameters on land cover 

classification accuracy. Crapper (1980) investigated the errors in estimates of areas of 

uniform land cover derived from Landsat. For the study, Crapper developed a formula 

for the Landsat pixel, giving it a variance in this area ( of uniform land cover) estimate. 
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He found relative errors of 1 percent for areas of 132 ha, 5 percent for areas of 15 ha, and 

10 percent for areas of 6 ha. 

In reviewing the research pertaining to remote sensing applications in hydrologic 

modeling, it was discovered that substantial research has been done to study the 

utilization of remotely sensed data for input data and parameter estimation and for basin 

characterization. The error incurred in using remotely sensed data for these purposes has 

also been investigated. However, a comparison of errors incurred from different data 

sources and the impact of the errors on model results has not been sufficiently examined. 

2.4.2 Uncertainty Analysis 

A large amount of work has been done demonstrating the application of Monte 

Carlo Simulation (MCS) to computer models in hydrology and hydraulics, and a smaller 

amount of work demonstrating the use of the simplified methods. Many of the following 

papers, particularly Melching (1992), give a general description of the methods that were 

presented in the previous section. Melching also included a thorough summary of the 

research done in recent years that incorporated these uncertainty analysis methods in the 

field of hydrology. The type of application and the results are widespread for each 

method. 

A common application of MCS is in the assessment of specific model output 

reliability. Warwick and Wilson (1990) tested the accuracy of the STORM (U.S. Army 

Corps of Engineers, 1977) model using MCS to propagate uncertainties in both 

hydrologic and water-quality parameters to uncertainty in water-quality estimates. From 
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the MCS results, they generated 95% confidence intervals and compared them to an 

available water-quality data set. Goldman et al. ( 1990) used MCS to assess the effect of 

uncertainties in the infiltration portion of a general rainfall-runoff model that 

incorporated the Green and Ampt equation for infiltration losses and the kinematic-wave 

method for overland flow routing. Using MCS, they determined the basic statistics of the 

output runoff volume and peak discharges, namely the mean, standard deviation, 

skewness coefficient, and kurtosis. Gardner et al. (1980) applied MCS to verify a 

continuous model of marsh hydrology, which produces daily values of water level and 

storage. Four days were chosen for the comparison, one to represent each season of the 

year. Various parameter sets were tested, many of which were able to produce results 

that matched the water level and storage on one of the four dates. None of the parameter 

sets , however, were able to produce results within one standard deviation on all four 

seasonally representative dates. 

Other research has incorporated MCS as a component of a model calibration 

procedure, as a means of comparison between models of differing levels of 

simplification, and as a tool to assess of the sensitivity of model output to various sources 

of uncertainty. Beven and Binley ( 1992) included MCS as a key element of their 

calibration procedure, or Generalized Likelihood Uncertainty Estimation (GLUE), which 

they applied to the Institute of Hydrology distributed model (IHDM) for an upland 

watershed in Wales. This procedure, based on the premise that many parameters sets 

may represent a watershed equally well, uses MCS to generate a large number of 

parameter sets and model output. The corresponding likelihoods of each parameter set 
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model output are calculated. An acceptable level of likelihood is then chosen and all 

parameter sets with likelihoods below that level are rejected. Takasao and Takara ( 1988) 

compared two simplified models of a runoff system using MCS. They determined 

whether and how well the stochastic transformation properties of an ideal theoretical 

model were retained in each of the simplified models. Krajewski et al. (1991) used MCS 

to study the sensitivity of a watershed model output (runoff) to rainfall-input spatial and 

temporal sampling density. Like HEC°"l, their model used incorporates the Soil 

Conservation Service curve number method for estimating rainfall abstraction and the 

kinematic wave method for overland flow and streamflow routing. Their results showed 

a higher sensitivity to temporal resolution than to spatial resolution. 

The use of approximate uncertainty analysis methods in watershed modeling has 

not been researched as fully as the use of MCS. There are several published works that 

give insight to the potential utility of these methods. First-order second-moment analysis 

(FOSM) as mentioned does not perform well for nonlinear systems. Research has been 

undertaken that incorporates FOSM, comparing its results to MCS, and demonstrates 

instances both where FOSM performs poorly (i.e. non-linearity effects are a problem) and 

where FOSM performs well. Scavia et al. (1981) compared variance estimates from 

FOSM and MCS for a eutrophication model of Saginaw Bay on Lake Huron. There were 

significant discrepancies in the results that were attributed to non-linearity effects in that 

FOSM represented the variance of only a component of the algae population, while MCS 

incorporated t!le variability of the entire algae population. La Venue et al. ( 1989) 

detected non-linearity problems as well when using FOSM and MCS to estimate the 
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probability distribution of the travel time of a radioactive particle from a waste 

contaminant site through a multi-layer aquifer to an aquifer used for water supply. They 

found that FOSM did not adequately reflect the probabilities of the extreme values, or the 

unexpected travel paths. MCS results showed faster travel times for paths other than the 

expected travel paths. The sensitivity of FOSM to the expected path or central value, an 

effect of non-linearities, prevented the results of FOSM from matching those of MCS. 

Other research has shown that in some cases FOSM can be used successfully for 

hydrologic applications. Melching (1992) performed an extensive analysis comparing 

many simplified uncertainty analysis methods, including FOSM, to MCS. Melching used 

both HEC-1 and RORB, in lumped format, to estimate the peak discharge of a 1600 km2 

agricultural watershed in Illinois. The parameter statistics were obtained from a 

calibration procedure and several uncertainty analysis methods were applied to obtain the 

mean and standard deviation of the output for 16 storms. The HEC-1 results showed that 

FOSM was successful for all storms in estimating the mean peak discharge and for some 

storms in estimating the standard deviations of peak discharge. The standard deviation 

estimation failures are attributed to storm characteristics such as nonlinear behavior and 

high coefficient of variation in the initial loss parameter, the most important HEC-1 

parameter in this application. Overall, FOSM estimated the standard deviations with an 

average error of 20.8% and 4 out of 16 storms within 10% error, when compared to 

MCS. The results for RORB were almost identical. Other research has demonstrated a 

better performance by FOSM. Bates and Townley ( 1988) using RORB and Lei and 

Schilling (1993) using HYSTEM-EXTRAN (a modification of SWMM) show very good 
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agreement between FOSM and MCS standard deviation estimates (average error within 

10%) for 8 storms on watersheds in Australia and Switzerland, respectively. These and 

other works also consistently found FOSM estimates of mean output were in agreement 

with MCS (see Garen and Burges, 1981; Melching and Anmangandla,1992). Overall, 

FOSM is a computationally efficient method that can provide adequate estimates of both 

mean and standard deviation in cases· where there are no significant non-linearities and 

the most important parameters' CV's are not too high. Its success for a given hydrologic 

application, however, is clearly dependent on the particular model, watershed, and 

rainfall events. 

Another type of simplified uncertainty analysis method is based on a point 

estimation rather than derivative estimation (FOSM) and includes Rosenblueth's and 

Harr's methods. Research into the use of these methods in hydrology has begun only 

recently and preliminary results suggest that these methods are also potentially quite 

useful. Rogers et al. ( 1985) used Rosenblueth's method to assess the effect of parameter 

uncertainty on the output of the Institute of Hydrology Distributed Model (IHDM) for a 

small watershed in Wales. Binley et al. ( 1991) continued this work, using both 

Rosenblueth and Monte Carlo to investigate the usefulness of an uncertainty 

measurement for the IHDM and same watershed in Wales. The latter work showed that 

Rosenblueth's method produced reasonable estimates of the output uncertainty limits in a 

small number of simulation runs, relative to Monte Carlo, but did not provide details of 

the response distribution. If distribution details, such as skewness, are desired, Monte 

Carlo is the preferable method. Zhao and Mays ( 1994) also used Rosenblueth's method, 
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applied to the FEMA alluvial fan method, in their effort to estimate the mean and 

standard deviation of the 100-yr discharge at any point on an alluvial fan (in Scottsdale, 

AZ) and of the fan arc width. Melching (1992) included Rosenblueth's method in his 

previously mentioned work comparing the results several uncertainty analysis methods 

applied to the HEC-1 and RORB rainfall-runoff models. Compared to MCS, 

Rosenblueth's method successfully estimated the mean, but tended to underestimate the 

standard deviations of the model responses. The underestimation, however, were less 

significant than the under-estimations produced by FOSM for many of the storms. 

Harr's method has thus far not been applied to a model in watershed hydrology, 

but has been applied in hydraulic engineering and water resources management. Yeh and 

Tung (1993) compared Harr's method to FOSM and Latin Hypercube Simulation, a 

modified Monte Carlo method, for a model of the migration of gravel borrow pits in 

alluvial streams. They found Harr's method estimates of mean and standard deviation 

were larger than those obtained by the other two methods. Likewise, Harr ( 1989) shows 

that the method tends to overestimate the output statistics as compared to those obtained 

by Rosenblueth's method in his initial numerical comparisons of the two point-estimation 

methods. Chang et al. (1992) also compared Harr's method to LHS and FOSM for the 

HEC2-SR model of surface profiles for streams with movable beds. In their study, the 

three methods produced comparable results for standard deviations of the water-surface 

elevation, bed elevation, and sediment load at 2 points in the river studied over a 40-hour 

simulation interval. Zhao and Tung ( 1996) applied Harr's method and MCS to a water 

resources linear-programming optimization problem. They found that Harr's method was 
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more efficient than MCS and achieved accurate estimations of the mean and standard 

deviation of the desired objective function. 

Overall, these studies have shown that each method has strengths and weaknesses, 

and the success of a particular method in watershed hydrology is dependent on the model 

being used, the watershed characteristics, and the study objectives. Many of the cited 

authors have made statements of encouragement for further research to define the 

methods' strengths and weaknesses. Thus far, no research has been published that 

identifies the best uncertainty analysis method, in both accuracy and efficiency, for a 

multi-basin configuration of the HEC-1 model for a fully urbanized watershed. 

2.5 Overall Scope of Work 

The ultimate objective of this work was to develop a methodology for evaluating 

the utility of remote sensing data, by means of uncertainty analysis, for hydrologic 

modeling of a mid-sized, fully developed watershed. The steps involved in achieving this 

objective include 1) preliminary justification 2) uncertainty analysis methods 

development 3) remote sensing data analysis (parameter estimation and uncertainty 

calculation) and 4) final uncertainty analysis. The HEC 1 model, as mentioned, is widely 

used by urban planners for hydrologic forecasting and is the model used in this study. 

For reasons of availability and applicability, the three data types used are Landsat, SPOT, 

and NSOOl. 

A sensitivity analysis of the HEC-1 model provides a preliminary, quantitative 

justification for this work. The major parameters of the model are identified as curve 
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number, percent pervious area, overland flow length, overland roughness, overland slope, 

channel length, channel roughness, and channel slope. Three of these parameters, curve 

number, percent pervious area, and overland roughness, can be estimated using land-use 

maps classified from remote-sensing images. Therefore, if the model is sensitive to these 

parameters relative to the other parameters, the use of remote-sensing data and the type of 

data used will impact the quality of model results. In order to determine the sensitivity of 

the model to changes in all of the major model parameters, each parameter is perturbed 

by a designated percentage and the corresponding changes in the-model output are noted. 

The primary method of analysis used in this study is uncertainty analysis. Each 

remote sensing data type is associated with a particular amount of uncertainty in its 

classification. This uncertainty causes error in the parameter estimates, which propagates 

through the model to create uncertain model predictions. An assessment of this output 

uncertainty is essential to adequately compare the utility of each remote sensing data 

type. The most complete and accurate method of uncertainty analysis is Monte Carlo 

Simulation. However, this method is computationally intensive, therefore not appropriate 

for repeated use as is necessary in practice for real-time flood forecasting. Other 

approximate methods have been developed, but not tested for modeling of a basin with 

urban land cover characteristics and a multiple subbasin configuration, as is found in the 

Scottsdale study site. To investigate the accuracy of some approximate methods for this 

type of basin, three methods are applied to the HEC-1 model of the Scottsdale basin 9 

and the results compared to Monte Carlo. The approximate methods include first order 
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second moment analysis, Rosenblueth's point estimation method, and Harr's point 

estimation method. 

Before applying the uncertainty analysis methods, parameters are estimated from 

the three remote-sensing data types and the uncertainty associated with those estimates 

due to several sources is calculated. From the three pre-classified images, two 

parameters, curve numbers and Manning's roughnesses, are estimated for every subbasin. 

A procedure for estimating the parameter uncertainties is then developed, accounting for 

three sources of uncertainty, which include image misclassification, error in parameter 

assignments for a particular landuse class, and aggregation of many image pixels into a 

subbasin. Once the parameter values and uncertainties are determined, uncertainty 

analysis is performed on each model ( corresponding to each remote sensing data type) to 

assess the effect of parameter uncertainty on model prediction uncertainty for each 

image. The results are compared for ( 1) the remote sensing images (2) the different 

sources of uncertainty in each image, (3) two uncertain parameters, and ( 4) the different 

uncertainty analysis methods. 
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CHAPTER 3 - SENSITIVITY ANALYSIS 

3.1 Introduction 

A preliminary step in this study was a sensitivity analysis of the major parameters 

of a HEC-1 model that incorporates the SCS curve number method for losses and the 

kinematic wave method for routing. The sensitivity analysis was performed in order to 

determine the sensitivities of the parameters estimated by the three mentioned remote 

sensing data sources relative to the sensitivities of the parameters estimated by other 

means. More specifically, this sensitivity analysis demonstrates the effect of small 

changes in the value of each parameter on the model output. In doing so, an initial idea is 

gained of the impact that error in estimation of those particular parameters will have the 

reliability of model results. Further, an assessment of the potential impact of remote 

sensing-induced error in general, for this type of watershed model, is inferred, and a 

deeper investigation into this issue is justified. 

The parameters to be analyzed were identified based on the methods used within 

HEC-1 for hydrograph generation; the SCS Curve Number Abstraction Method and the 

kinematic wave routing methods. In the SCS Curve Number method, the significant 

parameter is, as the name states, the curve number. Within the kinematic wave method, a 

subbasin is represented by two planes, one pervious and one impervious. The SCS 

method requires one curve number for the pervious plane and one for the impervious 

plane. Only the pervious area curve number was included in the sensitivity analysis. The 

curve number of a completely impervious area is assumed to be 98 and not variable. In 



46 

the kinematic wave method for overland flow routing the parameters include overland 

flow length, overland slope, overland roughness and percent pervious area. Percent 

impervious area is directly related to percent pervious area (100 - % perv) and was 

therefore not treated as in independent parameter. For kinematic wave channel routing, 

the important parameters are channel length, channel slope, and channel roughness. Like 

impervious curve number, channel shape was considered invariable and is not included in 

the sensitivity analysis. All of the above methods and their associated parameters were 

described in the previous chapter. The mean values for all parameters, as well as the sub

basin configurations and channel networks, used for this sensitivity analysis were 

obtained from the original City of Scottsdale HEC-1 models, which incorporated the 

same methods and were developed by KVL Consultants, Inc., a local consulting firm. 

In order to account for different basin characteristics within the study area, and 

ensure that the sensitivity analysis results were applicable to all basins, the analysis was 

performed on three Scottsdale basins (5, 14, and 25) that varied in size and level of 

urbanization. Basin 5 is moderate in size and is fully urbanized. Basin 14 is 

comparatively small in size and moderate in urbanization. Basin 25, located on the 

northern outskirts of the city, is large and less developed. These three basins were 

considered representative of all basins in the City of Scottsdale. The location of each of 

these basins within the study area is shown in Figure 3 .1. 
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Figure 3.1 Location and summary of the three basins for sensitivity analysis 

3.2 Methods 
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Once the parameters and basins were identified, the mam procedure of the 

sensitivity analysis was implemented. This procedure involved simply perturbing each 

parameter by various small amounts and noting the resulting relative change in the model 

outputs of interest, namely peak flow (Qp) and time to peak (Tp ). Relative change in 

model output refers to the difference between output when using perturbed parameter 

values and output when using mean parameter values. The degrees of perturbation were 

plus and minus 5, 10, 15 and 20 percent of the mean parameter value. Each parameter 

was perturbed individually, meaning the values of one parameter were changed and the 

model executed with all other parameter values at their mean. Each basin in the study area 
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area is further divided into sub-basins and the mathematical operations are performed on 

every sub-basin, therefore for each sub-basin there is an associated value of every 

parameter. All the occurrences of a parameter in the entire basin were perturbed 

simultaneously. For example, basin 14 has 9 sub-basins and thus has 9 occurrences of 

each parameter, one for every sub-basin. All of the 9 values of a parameter, such as CN, 

that occur in basin 14 were perturbed for one model simulation of the sensitivity analysis. 

After all parameters were perturbed and the simulations were executed, the results 

were compared graphically by plotting the relative changes of the input parameters versus 

the relative changes in the output values. These figures demonstrate not only the level of 

parameter sensitivities for each output variable and for the different basins, but also 

whether each parameter is directly or inversely related to the output and whether or not 

the model is linear with respect to each parameter. 

3.3 Results 

Figures 3.2a-d and Figures 3.3a-d show the results for the most sensitive 

parameters for peak flow, Qp, and time to peak, Tp, respectively. From the plots, it is 

clear that parameter perturbations overall affected Qp more than Tp because there is a 

very large peak in the design storm rainfall distribution that significantly dominated the 

timing of the runoff peak flow. The plots also show that the results are comparable for all 

three sub-basins. With respect to Qp, the most sensitive parameter is curve number, 

followed by percent pervious area, channel length, and channel roughness. For Tp, 
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channel length and curve number are the two most sensitive parameters, although their 

level of sensitivity is small. These rankings are the same for all three sub-basins. In 

Table 3.1, the parameters are listed according to decreasing sensitivity. Based on these 

results, which show Qp is significantly more effected than Tp, subsequent analyses focus 

on Qp as the critical model output. 

T bl 31 R k d a e . an e sens1t1v1ty o f d 1 mo e parameters to pe ak fl ow an d . time to pe ak 
Sensitivity Rank Peak Flow Time to Peak 

1 Curve Number Channel Length 
2 % Pervious Area Curve Number 
3 Channel Length Channel Roughness 
4 Channel Roughness % Pervious Area* 
5 Channel Slope Channel Slope* 
6 Overland Roughness Overland Roughness* 
7 Overland Flow Length Overland Flow Length* 
8 Overland Slope* Overland Slope* 

* Nearly non-sensitive parameters 

The linearity and "sensitivity direction" of the model with respect to each 

parameter is determined from the curvature and slope, respectively, of the results. If the 

results plot as nearly a straight line, the model response is linear in that range with respect 

to that parameter. All of the parameters except curve number appear to behave linearly 

for all three basins. Curve number is nearly linear for basin 25 and basin 5, particularly in 

the vicinity of the mean, but is non-linear for basin 14, the smallest basin. This suggests 

the effect of non-linearity in curve number is more prevalent for basins of smaller area, 

where the total runoff volumes are lower. 
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The sensitivity direction of each parameter depends on the magnitude and sign ( + 

or -) of the slope of the plotted line and is a further descriptor of the parameter's 

sensitivity. A large, positive slope (i.e., curve number for Qp) designates a relatively 

large and positive sensitivity, and means that increasing a parameter value will also 

significantly increase the model output. Likewise, a large, negative slope means the 

parameter is inversely proportional to the output (i.e., percent pervious for Qp) and 

increasing the parameter value will decrease the value of the output. These relationships 

would especially be of interest if one were concerned only in a particular model response 

due to parameter estimation errors, such as only overestimation of the peak flow in 

structure failure studies. For this study, however, all model responses are important and 

the directional relationships serve to confirm expected model behavior and to reinforce 

the potential significance of parameter estimation error. 

The most sensitive parameters for Qp were CN and % pervious area. Therefore, it 

is determined that error in estimation of these parameters will have a notable effect on 

model results and likewise model reliability. Since these parameters are two which will 

be estimated by the remote sensing data, it is then also inferred that remote sensing 

classification errors will affect model reliability when remote sensing data is used for 

parameter estimation. 

The results of the sensitivity analysis identify parameters that have a strong 

influence on model predictions. However, the uncertainty of the input parameter is not 

accounted for in this analysis. For example, Qp is sensitive to estimates of channel 

roughness, but those estimates may be measured more accurately. Thus the actual 
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uncertainty introduced by channel roughness is small. Uncertainty analysis methods, 

introduced in the following chapter, are a means of considering the effect of both model 

sensitivities and parameter uncertainties on model predictions. 
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channel length ( d) channel roughness 
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CHAPTER 4 - INITIAL UNCERTAINTY ANALYSIS 

4.1 Introduction 

The sensitivity analysis described in the previous chapter provided information 

about how much the output changes with small changes in a particular input parameter. 

Uncertainty analysis goes further and incorporates the uncertainty associated with 

estimates of the input parameters. From the statistics or distribution of the input, the 

statistical properties and an estimate of the statistical distribution of the output is 

calculated. Thus, a quantitative assessment is made of the error introduced into model 

results by uncertain model input parameters. 

Several uncertainty analysis methods have been developed and tested for various 

hydrologic models. Monte Carlo simulation, a random sampling method, is considered to 

most accurately produce the output statistical properties, but requires a very large number 

of model runs to do so, taking too much time for use in real-time flood forecasting. Other 

methods attempt to achieve results similar to those of MCS with fewer model runs and 

therefore in less time. Such methods include first-order second-moment analysis, an 

analytical method, and two point-estimation methods, Rosenblueth's method and Harr's 

method. Past research has shown that the success of a particular method for hydrologic 

models is variable and dependent on the model structure and basin characteristics, such as 

scale and configuration (see section 2.4.2). The methods must therefore be tested for the 

model and basin under consideration m order to determine which method is most 

efficient for further analysis. 
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Computer codes of the four methods (MCS, FOSM, Rosenblueth, and Harr) were 

developed specifically for this study and for integration with HEC-1 model (see 

Appendix B for example input files). Along the course of development, these codes were 

applied first on simple systems, then on increasingly complex systems to test their 

performance, before finally being applied to full 25-subbasin configuration of Scottsdale 

Basin 9. The results of the preliminary runs are useful not only to test the computer 

codes, but also to compare the uncertainty analysis methods for systems of varying levels 

of complexity. The uncertainty analysis methods and their application to two simplified 

systems will be summarized in this chapter. 

4.2 Uncertainty Analysis Methods 

4.2.1 Monte Carlo Simulation 

A Monte Carlo simulation (MCS) begins with the estimation of the probability 

distributions of the uncertain model input parameters. A value for each parameter is 

randomly selected according to its respective probability distribution, and the model is 

then executed with the set of random parameters. This process is repeated many times in 

order to adequately sample the parameter space and generate enough data to reach 

convergence of the output statistics. Once convergence is reached a histogram of the data 

and a chi-square test can be used to determine an appropriate theoretical probability 

distribution of the output and the properties of this distribution are the mean and standard 

deviation estimated by MCS. In Figure 4.1, (a) an example of an output (peak flow) 

histogram is presented along with a normal or Gaussian distribution, the assumed 
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distribution for both of the applications presented in this chapter. For the final 

uncertainty analysis (Chapter 6), the distribution assumption is validated quantitatively 

by a chi-square test. The convergence of the mean and standard deviation is exemplified 

graphically in Figure 4. l(b) and (c). 
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The number of simulations necessary to reach convergence in MCS is a function 

of the number of uncertain parameters and the model structure. When many uncertain 

parameters are considered, MCS requires thousands, potentially tens of thousands, of 

simulations to reach convergence. Despite this drawback, it is often a desirable method 

due to its high accuracy, flexibility and robustness. It can'. easily handle parameter 

correlation and system non-linearity, and is applicable to a wide variety of problems. If 

computation time and computer power is an issue, however, this method may be 

infeasible. 

4.2.2 First-Order Second-Moment Analysis 

First order second moment analysis (FOSM) is an analytical method based on a 

Taylor series expansion of the model performance function, q, truncated after the first

order term. The Taylor series expansion is used to estimate the local uncertainty of the 

model output at the expansion point, usually chosen as the mean. The output mean, as 

shown mathematically below, is then simply the output of the model executed with all 

parameters equal to their mean values. The output variance is the sum of the variances 

due to each uncertain parameter, which is the product of the performance derivative and 

the parameter standard deviation as shown below for a general case of p uncertain 

parameters: 

(4.1) 
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where 

Q = model output, 

X i = any parameter i, 

Xm = vector of parameter mean values, 

ai = standard deviation of parameter i. 

The first term, or central value, of the function determines the output mean, or E( Q). 

The summation term describes the deviations about that central value and therefore 

determines the variance of the output, or Var( Q). 

Var(Q) = f [( dq J cri ]

2 

1=1 ch1 
(4.2) 

E(Q) = q(Xm) (4.3) 

The derivative of the variance term was determined numerically using an average of 

forward and backward difference methods. The input parameters were perturbed by 

±1 %, one parameter at a time, and the model was executed with each value, noting the 

change in output with respect to the mean. 

(4.4) 

For independent parameters, the total output variance is then the sum of the variances 

associated with each parameter. For example: 

Var(Qhotal = Var(Q)CN + Var(Q) o/oP + Var(Q)ch.length+ ... (4.5) 
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This method is advantageous for its simplicity and few required simulations. 

Knowledge of only the first two statistical moments (mean and variance) of the 

parameters is necessary, and only 2p+ 1 model simulations are required, for p uncertain 

input parameters. Correlation between input parameters can be considered, but the 

methods to do so are not presented here. The mam disadvantage of FOSM is the 

assumption of system linearity over the complete parameter space. Linear behavior is 

assumed near the parameter mean values, in the derivative estimation, and this behavior 

is considered representative over the whole range of parameter values. This assumption 

falters for nonlinear systems as the parameter values diverge from the mean. In such 

cases , if extreme parameter values are necessary to describe the system, as for failure 

prediction, the output statistics obtained from FOSM could be severely inaccurate. 

4.2.3 Rosenblueth's Point Estimation Method 

Like FOSM, Rosenblueth's method uses a Taylor series expansion, but by a point 

estimation, rather than by a derivative-based estimation. In qualitative terms, the extreme 

points of the parameter space are sampled in every possible combination, as opposed to 

the localized, central-value sampling of FOSM. From this exhaustive sampling, the 

statistical moments of the output can be determined. Mathematically, the general form 

for the N th moment of model output, Q, for p uncertain input parameters is as follows: 

where Q +++ .. . p is the model output evaluated with input parameters equal to the mean + or 

- ( corresponding to the subscript of Q) one standard deviation, CJ'i. Every possible 
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combination of +'s and -'s must be considered, resulting in 2P necessary simulations. The 

function q is defined in terms of the correlation matrix, p. When there is no correlation 

1 between parameters, q reduces to - , and the output mean becomes the average of all 2P 

the individual outputs, Q. The output variance becomes the basic statistical variance of 

those outputs. 

Correlation is easily considered for Rosenblueth's method in the function q, and 

asymmetry or skewness of parameters about the mean can be handled as well. The 

computation time required for Rosenblueth's method is, like MCS, dependent on the 

number of uncertain parameters. For few parameters (less than 10), the method is 

efficient, but for a large number of parameters, the method becomes prohibitive, often 

requiring more runs than MCS. 

4.2.4 Harr's Point Estimation Method 

Harr's method is a version Rosenblueth's method; modified to reduce the number 

of required simulations from 2P to 2p. The primary modification is the decomposition of 

the correlation matrix to eigenvectors in order to reduce the number of points for model 

evaluation. Geometrically, the correlation matrix can be thought of as a hypersphere of 

radius .jp for p uncertain input parameters. The eigenvectors pass through the center of 

the hypersphere and intersect the surface at two points, which are used to determine the 

input parameter values and thus the output statistics. Harr's method can be summarized 

as follows (Yeh and Tung, 1993): 
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1) Decompose correlation matrix, p into the eigenvector matrix V and the 

corresponding eigenvalue :matrix, L, by p = VL V 

2) Determine the coordinates or input parameter values associated with the 2p 

intersection points by: 

xi± = Xm ±fp (JVi i = 1, 2, 3, .... , p (4.7) 

where 

Xi±= additive or subtractive value for the /h parameter 

Xm = mean of the /h parameter 

CJ= diagonal vector of standard deviations ( CJi to CJp) 

h ,th . vi = t e z · eigenvector 

3) Evaluate the model at each point to calculate the output Qi± and square of the 

2 output Qi± . 

4) Compute the average output and square output for each parameter: 

and (4.8), (4.9) 

for i = 1, 2, 3, .... , p 

5) Compute the mean, E( Q), and variance, Var( Q), of the output: 

E(Q) = _._1_·=1_~ and E(Q2) = _,,___i=_i __ _,_ (4.10), (4.11) 
p p 

Therefore, 

2 Var(Q) = E(Q) - E(Q ) (4.12) 
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Harr's method retains the flexibility of Rosenblueth's method in that parameter 

correlation and asymmetry can be considered, while increasing its applicability by 

reducing computation time. This method is a fairly recent development and has not been 

extensively tested for use in hydrologic modeling. The results presented here will add to 

evidence showing Harr's method to be a potentially useful tool for reliability analysis. 

The main properties of the four uncertainty analysis methods described above are 

summarized in Table 4.1. Analyses have been performed (and will be presented in 

further chapters) in which these methods have been applied to both a simple theoretical 

basin and a real basin (Scottsdale basin 9). The results of these analyses will show the 

efficiency of each method in terms of both time and accuracy. · 

T bl 41 P a e . ropert1es o f 1 . uncertamty ana ys1s met h d 0 S 

Method Type Number of Runs 
MCS Random Sampling Large, Variable 

FOSM Analytical 2p+l 
Rosenblueth Point Estimation 2P 

Harr Point Estimation 2p 

4.3 Hypothetical 2-plane Basin 

4.3.1 Purpose and Methods 

An analysis was performed for a hypothetical 2-plane basin in order to test the 

uncertainty analysis methods and their codes for a simple system and compare the results 

for three representative basin characterizations. The model representation of two 

overland flow planes, is depicted below in Figure 4.2 and is identical as that of one 
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subbasin of the full study site. The input parameters that were considered uncertain for 

this analysis are listed and are the same parameters that were examined in the previously 

discussed sensitivity analysis, but pervious and impervious overland parameters are 

considered individual parameters, since they describe different planes of the 

configuration. 

Overland Parameters 
1. Flow Length 
2. Area 
3. Slope 
4. Curve Number 
5. Roughness 

Channel Parameters 
1. Length 

Pervious 2. Slope 
3. Roughness 

Figure 4.2 Hypothetical two-plane basin representation 

Three basins representing various levels of urbanization were hypothesized to test 

the functionality and robustness of the uncertainty analysis methods and to gain an initial 

insight on the effect of urban development on the reliability of HEC-1 simulations. The 

percent pervious and impervious parameters were varied to create basins of low, equal, 

and high pervious versus impervious areas. The overland flow lengths were held 

constant and equal to ensure that basin behavioral changes were due only to the percent 

area parameters and not to changing area/flow length ratios. In Table 4.2, the mean 
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values of these noted parameters are listed. For the remaining parameters, (those not 

included in the table) the mean values were held constant for each of the three basins. 

The parameter variances were all determined by a general estimate of a 0.1 

coefficient of variation. Because the basin is hypothetical and not intended to represent a 

real basin, the crude method of variance estimation is sufficient. The results of the 

analysis will show some general trends in performance of the uncertainty analysis 

methods and the effects of basin urbanization on output reliability. 

T bl 4 2 H h . 12 l a e . .ypot etica -pane b . asm mean mput parameter va ues 
Two-Plane Percent Percent Pervious Flow Impervious Flow 

Basin Pervious Area Impervious Area Length (ft) Length (ft) 
1 30 70 100 100 
2 50 50 100 100 
3 70 30 100 100 

4.3 .2 Results 

The results of this initial uncertainty analysis, tabulated in Table 4.3, reveal that 

the performance of a particular uncertainty analysis method is dependent on the system 

configuration. Plots of relative error in Figures 4.3a-b show this trend. MCS estimates of 

mean and standard deviation are considered the true values and are the standard to which 

the other methods ' estimations are compared. Therefore, in the relative difference plots, 

the % difference refers to the deviation from MCS results. These plots show that all of 

the methods successfully estimate the output mean to within ±4% for all cases, while 

Rosenblueth's and Harr' s methods consistently perform well in all cases estimating both 

statistical moments. FOSM, on the other hand, tends to significantly overestimate the 
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output variance (notice the y-axis scale difference between the two plots) and minimally 

under-estimate the mean. The % difference from the standard (MCS) for FOSM is 

greatest for the most pervious basin showing that, in general, this method performs better 

for highly impervious basins. Rosenblueth and Harr performed well for all levels of 

urbanization. 
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An initial idea of the effect of increased urbanization on output results and 

reliability is shown in the Monte Carlo simulation results for the three basins (see Table 

4.3.) As the percent of impervious area increases, the mean peak flow increases, and the 

standard deviation of peak flow decreases. These results are logical because impervious 

areas prevent infiltration, causing greater runoff generation. Hence, the mean peak flow 

should be higher for basins with more impervious area. For the same basin, the standard 

deviation decreases because the curve number for an impervious area is less variable than 

that for a pervious area. Therefore, less uncertainty is introduced into the model for 

highly impervious basins. 

T bl 4 3 R a e . esu ts o f2 1 -pane b . I . asm uncertamty ana ys1s 

Basin Mean Peak Flow Estimates ( cfs) 
FOSM Rosenblueth Harr MCS 

Test 1 239.95 241.62 241.26 241.57 
Test 2 182.31 184.57 184.31 184.62 
Test 3 133.07 138.68 137.22 138.89 

Basin Standard Deviation of Peak Flow Estimates (cfs) 
FOSM Rosenblueth Harr MCS 

Test 1 42.60 17.38 18.80 17.21 
Test 2 25.70 23.30 23.29 23.10 
Test 3 30.90 30.20 28.45 29.59 

4.4 12-Subbasin Configuration of Basin 9 

4.4.1 Purpose and Methods 

The methods were then applied to a 12-subbasin configuration of Scottsdale Basin 

9, in order to test the methods for more complex system and to test (before the 25-
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subbasin configuration was available) the methods' performance for the main study basin 

of this analysis. The results add to the evidence of how well the approximate uncertainty 

analysis methods succeed in producing results similar to those of Monte Carlo. 

As explained in Chapter 2, HEC-1 performs mathematical operations on each 

subbasin individually. Therefore, in a multiple basin configuration, the parameters 

associated with each subbasin are considered as individual parameters, with different 

means and standard deviations, and must be analyzed as such in the uncertainty analysis. 

If all eleven of the parameters listed on Figure 4.2 were considered uncertain, the 12-

subbasin analysis would include 12xl 1 or a total of 132 uncertain parameters. The 

number of parameters was first reduced to only those that can be estimated by remote 

sensing, and then to the most sensitive parameters as determined by the sensitivity 

analysis. Curve number and percent pervious area were the most sensitive parameters, 

however it was determined that the uncertainty in percent pervious area was taken into 

account in the value of the curve number. Thus for this initial analysis, 12 uncertain 

parameters were considered, one pervious area curve number corresponding to each 

subbasin. 

The parameters estimates used for this analysis were determined from NSOOl data 

by methods described further in Chapter 5. The uncertainty in each subbasin's curve 

number was calculated as the standard deviation of the curve numbers for all the NSOO 1 

pixels contained within that subbasin. The uncertainty therefore is due to spatial 

variability in the subbasin. 
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Of the four uncertainty analysis methods presented, three were applied for this 

analysis: Monte Carlo Simulation (MCS), Harr's Point Estimation Method, and First 

Order Second Moment Analysis (FOSM). Rosenblueth's Point Estimation Method was 

not performed because, for 12-parameter analyses, 4096 runs would be required. The 

more accurate Monte Carlo Simulation requires fewer runs (approx. 1000), therefore 

Rosenblueth was at this point determined as an inappropriate method. 

4.4.2 Results 

The results of the uncertainty analyses, tabulated below in Table 4.4, show that 

although both methods perform well overall, Harr' s method approximates the results of 

MCS slightly better than FOSM. Figure 4.4 a-b further demonstrates the results with 

relative difference plots and output probability distributions. The peak flow mean and 

standard deviation are both slightly overestimated by Harr, while the two moments are 

more significantly underestimated by FOSM. Relative to the magnitude of the values, 

however, the difference in the performance of the two methods is minimal. The slightly 

overestimated results of Harr' s method could be preferred from a practical viewpoint 

because they would induce conservative action from city managers or planners. These 

results reinforce those of the previous 2-plane analysis and suggest that Harr' s method is 

the better method to approximate MCS in the uncertainty analysis of Scottsdale Basin 9. 



T bl 4 4 R l f .. 'al 12 bb . al . a e . esu ts o lilltl -SU asm uncertamty an ys1s 

Method Peak Flow Mean 
Peak Flow Coefficient of 

Standard Deviation Variation 

MCS 4323 92 0.0212 

FOSM 4279 67 0.0163 

Harr 4335 110 0.0255 
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Figure 4.4 12-subbasin uncertainty analysis results (a) relative difference 
compared to MCS (b) normal distributions 
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Chapter 5 - Remote Sensing Data Analysis 

5.1 Image Classification 

The three remote sensing images used in this study were classified by members of 

the Advanced Resource Technology (ART) Lab, School of Renewable Natural 

Resources, University of Arizona, using a supervised classification method. Due to the 

varying spectral and spatial resolution of the images, the landuse classes resulting from 

the classification were different for each image (Table 5.1). For a listing of the spectral 

bands and a further description of the three remote sensing data sources, including type of 

platform and technology used, refer to section 2.2. 

Table 5.1 Characteristics of remote sensing data 
Data Source 

NSOOl 
SPOT-HRV 
Landsat-TM 

Spatial Resolution 

3m 
20m 
30m 

Spectral Resolution 

8 bands 
4 bands 
7 bands 

The higher spatial resolution of NSOOl enables it to recognize types of land cover 

that encompass small areas, such as trees and buildings. Landsat and SPOT, however, 

cannot distinguish these small-area land covers therefore more general classes of landuse 

must be used, such as residential and industrial. Also, due to its higher spectral 

resolution, NSOO 1 is capable of differentiating between similar materials such as asphalt 

and concrete or soil and gravel. Although Landsat ' s spectral resolution is nearly that of 

NSOOl , its low spatial resolution prevents it from recognizing concrete and gravel 

because those materials cover small areas within the study basin. Figure 5 .1 shows the 
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three classified images and demonstrates the high level of development in basin 9. 

Landsat and SPOT are predominantly composed of the residential landuse class and 

NSOO 1 is largely building and asphalt, with high variability throughout the image. Table 

5.2 below summarizes the landuse composition of each image for Scottsdale Basin 9. 

T bl 5 2 C a e . ompos1tion (%) f o 0 

Asphalt 
Building 

Grass 
Gravel 

Soil 
Concrete 

Trees 
Water 

Pervious 
Impervious 

NS001 
26 
21 
18 
11 
9 
8 
6 
1 

51 
49 

5.2 Model Development 

remote sensmg images 

Residential 
Agriculture 

Soil 
Asphalt 
Grass 

Industrial 
Water 

Pervious 
Impervious 

Landsat 
71 
10 
7 

6 
3 
3 

<1 

94 
6 

SPOT 
52 
17 
16 
3 
9 
2 
1 

97 
3 

Members of the ART Lab at the University of Arizona also estimated hydrologic 

parameters for the HEC-1 model from each image for three basin configurations, 12, 25 

and 44 sub-basins. Using GIS and a Digital Elevation Model (DEM), they automatically 

developed the three configurations. The 25-subbasin configuration was used for the 

majority of the analyses in this study. The 12-subbasin configuration was used as well 

for preliminary work (section 4.4) before the 25-basin configuration was completed. 

Figure 5.2 shows maps of these two configurations. 
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For each configuration, the ART Lab estimated pervious and impervious area 

percentages, curve numbers, and overland Manning's roughnesses from the three remote 

sensing images combined with SCS soil maps and conventional look-up tables of 

parameter values for different landuse classes. Pervious and impervious areas for a 

subbasin were determined by calculating the percentage of pixels within the sub-basin 

which were classified as pervious or impervious· (i.e., asphalt, concrete, building, or 

water). Curve numbers and roughnesses for the pervious overland flow plane of a sub-

basin were determined by calculating the average of those parameters for all the pervious 

pixels within that sub-basin. Tables 5.3 and 5.4 below list the curve numbers and 

Manning's overland roughnesses, respectively, used by the ART Lab for the relevant 
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landuse classes and soil groups. As shown in these tables, the parameter values for all 

impervious surfaces are the same therefore the overall value of these parameters for the 

impervious overland flow plane of a subbasin will be those same values, 98 and 0.05 for 

curve number and Manning's roughness, respectively. This observation reinforces the 

assumption mentioned in previous discussions that the impervious parameter values were 

not variable and not included in the sensitivity and uncertainty analyses. 

Table 5.3 Curve numbers (CN) for relevant landuse classes 

NSOOl 
CN CN Landsat & CN CN 

Soil Group B Soil Group D SPOT Soil Group B Soil Group D 

Asphalt 98 98 Asphalt 98 98 

Concrete 98 98 Industrial 88 93 

Building 98 98 Residential 75 87 

Water 100 100 Agricultural 65 82 

Grass 69 84 Water 100 100 

Trees 69 84 Grass 69 84 

Soil 79 89 Soil 89 89 

Gravel 85 91 

T bl 5 4M a e . h annmg s roug nesses or re evant (N) f 1 d an use c asses 

NSOOl N 
Landsat & N 

SPOT 

Asphalt 0.05 Asphalt 0.05 

Concrete 0.05 Industrial 0.05 

Building 0.05 Residential 0.075 
Water 0.0 Agricultural 0.2 
Grass 0.2 Water 0 
Trees 0.2 Grass 0.2 
Soil 0.1 Soil 0.1 

Gravel 0.1 

The ART lab also used DEM data to estimate the slopes and lengths of the 

overland flow planes and of the channels. For a full description of the ART Lab's 
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methods and results, see Zhang et al. ( 1998). These parameter estimates were used, along 

with some data from the consulting firm previously hired by the City of Scottsdale, to 

construct the input files for the HEC-1 model of basin 9. The consulting firm's data was 

used predominantly for additional channel information since some channel 

characteristics, such as roughness and shape, cannot be determined from the DEM or 

remote sensing data. Examples of the resulting HEC-1 input files for each image and the 

25-subbasin configuration are included in Appendix B. 

5.3 Model Testing 

5.3.1 Frequency Analysis 

Once the parameters were estimated and the input files were constructed for each 

of the three remote sensing data sources, the models were executed to verify the validity 

of the parameter estimates. For each remote sensing data source, HEC-1 was executed 

for 6 hypothetical design storms (see Table 2.4) and frequency curves were plotted and 

compared. For further comparison, the HEC-1 model of basin 9 developed by 

Scottsdale's consulting firm was also executed and the frequency curves plotted. This 

provided a means of comparing the models derived from remote sensing data to one 

derived from manually collected data and an assumed fully development basin, the 

condition upon which the Scottsdale model was based. 

In Figure 5.3 below, the frequency curves from all four sources are shown 

together. The NSOO 1 curve matches the Scottsdale curve well, but the Landsat and SPOT 

curves are significantly off, suggesting a problem with the parameter estimates and image 
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In Figure 5.3 below, the frequency curves from all four sources are shown 

together. The NSOOl curve matches the Scottsdale curve well, but the Landsat and SPOT 

curves are significantly off, suggesting a problem with the parameter estimates and image 

classification of these two images. The curves are much lower than those of NSOO 1 and 

Scottsdale thus the flows simulated by the Landsat and SPOT models are considerably 

underestimated. Infiltration is overestimated and the most likely causes of the 

discrepancy is inaccurate curve number estimates and image misclassification. The 

potential error in curve number assignment is addressed in the next section and error in 

image classification is treated later in section 5.4. 
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Figure 5.3 Frequency curves of remote sensing and Scottsdale models 

5.3.2 Curve Number Adjustment 

The curve numbers assigned to each landuse classification (Table 5.3) were taken 

from published tables of typical curve numbers for all types of land. For types of landuse 
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numbers. However, for inconsistent types of landuse, such as residential and industrial, 

which are composite classes and vary in characteristics from one site to another, this 

method may not be appropriate. Also, in developed basins with high land cover 

variability, such as Scottsdale, pixels within images of low resolution (relative to the 

scale of land cover variability) will rarely cover a uniform area of one landuse class. The 

pixel classifications (if correct) represent the landuse covering the majority of the area 

within the pixel. Therefore, most pixels of the Landsat and SPOT images are a 

composite of many landuses and the curve numbers for each landuse class should be 

adjusted for greatest accuracy. However, the images used in this analysis were composed 

primarily of residential pixels, over 50% for both Landsat and SPOT, while the other 

classes occurred less frequently (see Table 5.2). For the scope of this analysis, it was 

assumed that adjusting the other classes ' parameters would not have a significant impact 

on the model results, and the accuracy of the curve number assignment for the residential 

class was the main concern. 

A Landsat or SPOT pixel that was classified as residential is a composite of many 

types of landuse, including grass, trees, concrete, asphalt, building, soil and gravel. The 

curve number within a residential pixel is highly variable because it depends on the 

proportion of the different landuses within that area. In common curve number lookup 

tables, the residential curve number is defined based on the average size of housing lots, 

which is considered an indicator of the relative proportion of the different landuses in the 

lot. For some residential areas , such as those in Scottsdale, it appears that the landuse 
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proportions do not follow the general trend and the reference table curve numbers should 

not be applied. Instead, another method of local measurement must be used. 

Due to its higher spatial resolution, NSOOl was able to detect the individual 

landuse classes that compose the residential areas throughout the study site. To 

determine a representative curve number for the residential pixels of Landsat and SPOT, 

the NSOOl image was used for companson. It was assumed that NSOOl correctly 

classifies the landuse and that the curve numbers assigned were exact. Aerial 

photography was also available and could have been used for comparison, but it was 

judged that the human error incurred in interpreting the aerial photo would have been 

greater than the classification error of NSOOl. 

For both Landsat and SPOT (since their spatial resolution is different), an area of 

that image' s pixel size was enlarged on the NSOO 1 image and the weighted average curve 

number in that area was calculated based on the landuse classes occurring in that area 

(see Figures 5.4 and 5.5). This process was repeated 40 times for each image (Landsat 

and SPOT) to obtain an adequate sample of residential curve numbers. The overall 

representative curve number for a residential pixel for each image was then calculated as 

the average of that sample (40 pixels). This process was also applied for Manning's 

roughness. For Landsat and SPOT, the resulting residential curve numbers were found to 

be 88.5 and 87.8, respectively, and the roughnesses to be 0.092 and 0.096, respectively. 

These values are significantly different than the original curve number assignment of 75 

and roughness assignment of 0.075 for residential area that was based on the lookup 

tables. 
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and roughness assignment of 0.075 for residential area that was based on the lookup 

tables. 

Landsat pixel 

•• • •• 
• • • • • II • • • • , . 

•• • 
NSOOl pixels 
(same area) 

Figure 5.4 Comparison of Landsat and NSOO 1 pixels for 
residential curve number calculation 

SPOT pixel NSOOl pixels 
(same area) 

Figure 5.5 Comparison of SPOT and NSOO 1 pixels for 
residential curve number calculation 

The derived residential curve numbers were incorporated into the calculations of 

each subbasin' s average curve number and the input files were updated to account for the 

adjusted curve numbers. The Landsat and SPOT models were then re-executed and new 

frequency curves were constructed. As shown in Figure 5.6, changing the residential 

curve numbers improved the frequency curves of Landsat and SPOT somewhat, but the 

peak flows are still underestimated due to image misclassification . 
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5.4 Parameter Uncertainty Estimation 
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Once the models were developed, the next step in the application of uncertainty 

analysis for a means of comparing the remote sensing data sources was the determination 

of the uncertainty in the parameters estimates. The parameters that were estimated from 

the remote sensing data are curve number, Manning's roughness, and percent pervious 

and impervious area. The uncertainty in percent pervious and impervious area, however, 

was not included in the analysis. The variability and uncertainty associated with percent 

pervious area is taken into account in the variability and uncertainty of the curve number, 

because the value of the curve number is essentially a measure of the infiltration potential 

of the landuse class. The uncertainty in curve number and Manning's roughness was 

quantitatively measured as the standard deviation of those parameter estimates. 
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5.4.1 Uncertainty Sources 

The calculation of parameter uncertainty in this case was complicated due to the 

presence of several sources of uncertainty, including radiometric and geometric error in 

the sensor measurements, parameter assignment error, image classification error and 

aggregation, or the uncertainty incurred from lumping parameter values. For this study, 

radiometric and geometric errors, which are typically corrected in the raw data before an 

image is classified, were ignored and the analysis focused on the following three sources 

of uncertainty. 

• Parameter Assignment Error - the error in the parameter values assigned to 

a pixel of a particular landuse class before classification error is accounted for. 

• Image Classification Error - the error in the classification of the remote 

sensing images from raw data into a landuse map. This error affects the 

"representative" parameter value for a pixel of a particular landuse class. 

• Aggregation - the uncertainty due to spatial variability within a subbasin, 

which is incurred when one representative parameter value is calculated for a 

subbasin from the many pixels contained within the subbasin. 

Image classification error, as explained above, refers to the error incurred when 

raw radiometric image data is transformed into a usable form, in this case a landuse map. 

This error includes the effects of different spatial and spectral resolutions of an image and 

can be assessed by comparing the image to "ground truth" data. 
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Parameter assignment error is the error in the parameter values assigned to a pixel 

of a particular landuse class (Tables 5.3 and 5.4). This error occurs either when the pixel 

is not composed solely of one landuse class or when the landuse class itself can be of 

variable composition (residential). An assumption was made that for an area of 

homogeneous surface cover the parameters obtained from the look-up tables are exact. It 

was further assumed that due to the high resolution of NSOO 1 (3m), its pixels are 

homogeneous, containing only one invariable type of landuse class, so the parameter 

values assigned to NSOOl pixels (before accounting for classification error) are exact. 

Therefore, parameter assignment error exists only for Landsat and SPOT, which have 

lower resolutions (30m and 20m) and non-homogeneous pixels. Also, because it was 

assumed (in section 5.3.2) that the variation in landuse classes other than residential will 

not have a large effect on the results, parameter assignment error was calculated only for 

the residential pixels of Landsat and SPOT. 

The last source of uncertainty is aggregation, the process of averaging parameter 

values of all the pixels within a subbasin to obtain one representative parameter for the 

entire subbasin. The magnitude of this uncertainty represents the spatial variability of the 

pixels within the subbasin, and depends on the number of pixels aggregated therefore on 

the spatial resolution of the image. Aggregation and the other two sources of uncertainty 

considered in this analysis, image classification error and parameter assignment error, 

were identified because they are a function of the data characteristics (spatial and spectral 

resolution) and they provide means of comparison of the three data sources. 
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Figure 5.7 below depicts in general how each uncertainty source contributes to the 

total subbasin parameter uncertainty. Parameter assignment error (Landsat and SPOT 

only) and image classification error create uncertainty for the parameter value of each 

pixel within a subbasin. Those pixels are then aggregated, introducing further 

uncertainty, to determine the representative parameter value for that subbasin. The 

resulting total parameter uncertainty includes the combined effects of all three 

uncertainty sources. 

Parameter 
Assignment 

Error 

\ 
\ 
\ 

~ 

Image 
Classification 

Error 

I 
I 

I 

~ 

Uncertainty in 
Parameter. for e.1ch 

pixel 
Sub basin 

Aggregation 

\ 

I 
I 

I 

~ 

Total 
Uncertainty in 

Subbasin Parameters 

Figure 5. 7 Contributing sources of uncertainty to the total parameter uncertainty 

The process of calculating the uncertainties from each source then combining 

those uncertainties to get the total parameter uncertainty is a somewhat complex 

procedure, the details of which are shown schematically in Figure 5.8. This figure also 
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shows in which steps of the process uncertainties are combined or propagated through the 

calculations (explained further in section 5.4.2). For NSOOl, the process is less 

complicated and the first step (step Nl ) is the calculation of the classification error by 

means of a confusion matrix (section 5.4.4) to reach the mean and variance in the 

parameter value for an NSOOl pixel. The uncertainty in a pixel parameter value is then 

propagated through the aggregation process (step N2) , resulting in subbasin estimates of 

parameter uncertainty that include the effects of both classification error and aggregation. 

For Landsat and SPOT, the process is more complicated due to the added effect of 

parameter assignment error. In section 5.3.2 (Curve Number Adjustment), representative 

parameters were calculated for the residential landuse class from 40 sampled residential 

pixels, which were compared to NSOOl pixels, for each image. The parameter 

uncertainty in each one of the 40 pixels is calculated first from the spatial variability 

within each residential pixel (step LS 1). Because NSOOl pixels were used for 

comparison, the uncertainty in NSOOl pixels must be propagated through these 

calculations. The average of the 40 parameter values was then assigned to all residential 

pixels in the image. The uncertainty in the resulting residential parameter assignment is 

calculated from the variability between the 40 sampled pixels and the uncertainty 

associated with each pixel (step LS2). Then, combining parameter assignment error and 

classification error from the confusion matrix (step LS3), the total uncertainty in pixel 

parameter values for Landsat or SPOT is obtained. Finally, as for NSOOl, the pixel 

uncertainties are propagated through the aggregation process (step LS4) to reach overall 

subbasin estimates of parameter uncertainty. 
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This process was used for subbasin curve number and Manning's roughness. The 

steps of the parameter uncertainty calculation process summarized above and the 

mathematical methods involved with the steps are explained in more detail m the 

subsequent sections. Then, in the last section of this chapter, an analysis of the 

contribution and significance of each individual uncertainty source to the overall 

parameter uncertainty is presented. 

5.4.2 Confusion Matrices 

The accuracy of the image classification was assessed for all three images and 

expressed in the form of a confusion matrix. A confusion matrix is the common form of 

presentation for the results of image classification accuracy assessments and it represents 

the number of pixels in each landuse class that were classified correctly or incorrectly as 

another class. The data in the confusion matrix then provides a basis for estimating 

image classification error. Table 5.5 provides a simple example of a confusion matrix. 

The rows of the confusion matrix correspond to the image classifications, while the 

columns are the actual, ground-truthed classifications. A matrix element is then the 

number of pixels that were classified as the landuse class of its row, but ground-truthed as 

the landuse class of its column. 

T bl 5 5 E a e . f . xamp e con us1on matnx 

Ground Truth Classes 

Asphalt Grass Soil Total 

CL) er; 

bl) ~ 
Asphalt 28 4 2 34 

c-:1 er; Grass 7 19 3 29 a~ -u Soil 2 5 15 22 

Total 37 28 20 98 
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In the interpretation of the confusion matrix, there are two ways to assess the 

accuracy with regards to a particular class, known as Producer's and User's accuracy. 

Producer's accuracy refers to the probability that the classifier has labeled the image 

pixel as asphalt given that the actual (ground truth) class is asphalt. It is calculated by 

dividing the number of correctly classified pixels for a class by the total number of 

ground truth pixels in that class (sum of the corresponding column.) For instance, the 

Producer's accuracy for asphalt in the above example is 28/37 = 76 %. The other type of 

assessment, User's accuracy, refers to the probability that the actual class is asphalt given 

that the pixel has been labeled as asphalt by the classifier. This value is the more relevant 

one for those using (rather than producing) classified images or maps and it is calculated 

by dividing the number of correctly classified pixels by the total number of pixels 

classified as that class on the image. The User's accuracy for asphalt above is 28 divided 

by 34, or 82%. The overall accuracy for the image is typically found by averaging either 

the Producer's or User' s accuracies each class. 

The first step in creating the confusion matrices for the three images was to 

determine the sample size, or number of pixels necessary to test in order to get a reliable 

representation of the image ' s accuracy. An equation based on the amount of allowable 

error in the accuracy assessment was used to determine the sample size (reference). The 

equation states: 

(5.1 ) 

where, 



N = total number of sample points 

E = allowable error (%) 

Z = standard normal deviate for (l-E)% confidence interval 

p = expected (assumed) classification accuracy 

q = 100 - p 
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The allowable error, E, was chosen as ±5% to ensure a 95% confidence interval and a 

low value (50%) of the expected accuracy, p, was assumed. The standard normal deviate 

(Z) of a 95% confidence interval is 1.96. Using these values in equation 5.1 yields 384 as 

the number of random points to sample for each image. 

Once the sample size of test pixels was determined, that number (384) of pixels 

were chosen randomly, but stratified according to the proportion of each landuse class 

throughout each image. This random sampling procedure was performed using the 

IMAGINE software (ERDAS, 1991), which contains a function to automatically select 

the desired number of random pixels in an image, stratified appropriately among the 

different classes. The next step and bulk of the work in creating a confusion matrix, was 

to compare each of the 384 pixels on each image to the same point on an aerial photo, 

which served as the ground truth data (see Figure 5.9). This process was also completed 

with the aid of IMAGINE software. Finally, after all the test points were chosen and 

checked, the confusion matrices were created from the results. Tables 5.6-5.8 show the 

confusion matrices for NSOOl, Landsat and SPOT, respectively, omitting the soil group 

D classes because they occurred too rarely in the images to sample. The "Total" columns 

show the number of pixels selected for each class and the proportions of each class within 
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Table 5.6 NSOO 1 confusion matrix 
Ground-Trothed Data 

Classes buildin_g _grass water asphalt trees soil concrete gravel Total 

building 51 2 2 12 3 2 6 5 83 

~ 
grass 2 39 1 0 11 4 3 6 66 

.... 0 0 0 1 2 1 0 0 4 
~ water 
Q asphalt 33 2 0 48 5 1 4 9 102 
"O 
QJ trees 1 3 0 1 18 0 0 1 24 
~ -~ soil 5 0 0 3 0 20 3 8 39 

Cl:) 

~ concrete 12 2 0 1 1 2 7 6 31 
0 gravel 7 5 0 3 1 3 3 12 34 

Total 111 53 3 69 41 33 26 47 384 

Table 5. 7 Landsat confusion matrix 
Ground-Trothed Data 

classes Asphal industrial residential 

t 

grass water agriculture soil 
Total 

asphalt 22 0 9 1 I 0 2 35 
~ industrial 0 9 2 0 0 1 0 12 .... 
~ 

Q residential 34 10 206 0 0 0 10 260 

"O grass 0 0 1 6 0 0 2 9 
QJ 
~ water 0 0 0 0 0 0 1 1 ·-Cl:) 

agriculture 1 0 2 3 0 32 6 44 Cl:) 

~ 

0 soi l 1 0 3 0 0 2 17 23 

Total 58 19 223 10 1 35 38 384 

Table 5.8 SPOT confu sion matrix 
Ground-Trothed Data 

classes asphalt industrial residential _grass water a_griculture soil Total 

asphalt 14 0 6 0 1 0 2 23 
~ Industrial 1 6 2 I 0 0 0 10 .... 
~ 

Residential 8 4 147 6 0 2 6 174 
Q 
"O grass 6 3 19 3 0 0 3 34 
QJ 
~ water 1 0 I 0 0 1 1 4 -~ 

rl'l Agriculture 9 0 23 3 0 26 7 68 
~ 

0 soil 7 2 19 I 0 10 30 70 

Total 47 15 217 14 I 39 49 384 
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Table 5.9 below summarizes the User's accuracy of each class and of the overall 

images. The overall image accuracy is relatively low for NSOOI, due to the more specific 

landuse classes, and for SPOT due to the lower spectral resolution. The contribution of 

image classification error to the total parameter uncertainty for NSOOl and SPOT, 

therefore, is expected to be greater than that of Landsat. 

T bl 5 9 U a e . C %) f h 1 ser s accuracies m o 0 eac c ass an d eac image 

NS001 Landsat SPOT 

Building 61.4 Asphalt 62.9 60.9 

Grass 59.1 Industrial 81.8 60.0 

Water NIA Residential 79.2 84.5 

Asphalt 47.1 Grass 72.7 8.8 

Trees 75.0 Water NIA NIA 

Soil 51.3 Agriculture 66.7 38.2 

Concrete 22.6 Soil 73.9 42.9 

Gravel 35.3 

Overall image 50.3 Overall Image 72.9 49.2 

5.4.3 NS001 Classification Error - Step Nl 

The first source of uncertainty for NSOOl parameter estimates, illustrated as step 

Nl in Figure 5.8, was the uncertainty due to image classification error. Because NSOOl 

pixels were assumed to be homogeneous, with exact parameter values, the calculations of 

classification error for NSOOl were straightforward and resulted in uncertainty associated 

with the parameter values for each landuse class. 

From the NSOOl confusion matrix (Table 5.6) the mean and standard deviation of 

the parameters for each class were calculated by considering total number of pixels tested 

for a particular class (a row of the confusion matrix) as a statistical sample. The mean of 
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a parameter was then calculated as the sample weighted average. Each element along 

that particular class's row of the confusion matrix (weight) was multiplied by the 

corresponding column's assigned parameter value and the results were averaged. The 

mean of a parameter, µ 8, for the /h landuse class (i1
h row of the confusion matrix) is 

where 

1 m 

µ a . = - ~ w .P,e . 
u ,l L.J l ,J ,.1 

n )=I 

µe, i = mean of parameter 8, of the /h land use class ( / 1 row) 

wi,J = weight of the /h class for the i1h class ( element i,j) 

P 8,1 = the assigned parameter value of the / 1 class (l column) 

m = the total number of classes(= number of rows or columns) 

n i = the total number of pixels tested for the i'h class ("Total" column) 

(5.2) 

The standard deviation of a parameter was calculated as the square root of the 

parameter sample variance. The sample variance of a parameter, Var(8), for the /h 

landuse class (i°1 row of the confusion matrix) is 

m 

~ w . . (P . -µ a .)2 

L.J l , J J u ,I 

Var(8 ); = _.i=_i _____ _ 

n; -1 

By expanding the squared term, this equation can also be written as 

m 

~ [w. .P 2 -n.µa .2 ] L.J l , J J I u , f 

Var (8 ); =-1=-
1
-----

n; -1 

(5.3) 

(5.4) 
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The standard deviation, ae,i, of the parameter for the i1'1 landuse class was then simply the 

square root of the sample variance: 

(5.5) 

To demonstrate these calculations, Table 5.10 is a portion of the NSOOl confusion 

matrix and the assigned curve numbers for·each class. 

Table 5 10 Portion of NSOO 1 confusion matrix with assi oned CN . '/-, 

Classes 
(j= 1) (j= 2) (j = 3) (j = 4) (j = 5) (j= 6) (j = 7) (j= 8) 

building grass water asphalt trees soil concrete gravel Total 

CN 98 69 100 98 69 79 98 85 

(i = 1) 98 51 2 2 12 3 2 6 5 83 
building 
(i= 2) 69 2 39 1 0 11 4 3 6 66 
grass 

For the grass landuse class (i = 2), n2 = 66 (the total number of sampled pixels) 

and m = 8 (the total number of classes). Then using Eq. 5.2, the mean curve number for 

the grass class, µCN,2, is 

2 X 98 + 39 X 69 + 1 X 100 + 0 X 98 + I 1 X 69 + 4 X 79 + 3 X 98 + 6 X 85 
µ CN ,2 = = 73.7, 

66 

and using equation 5.4, the sample variance of the curve number, Var(CN) 2, for grass is 

2 2 2 2 2 2 

Var(CN\ = 2x98 +39 x 69 +l x lOO +O x 98 +ll x 69 +4x79 

66-1 

2 2 2 
3 x 98 +6 x 85 -66 x 73 .7 _ SS 

6 + - . . 
66-1 

Therefore, the standard deviation of curve number for the grass landuse class is 

a cN 2 = -Js5.6 = 9.25. 
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This process was undertaken for curve number and Manning's roughness for 7 of 

the 8 NSOOl landuse classes. There were not enough water pixels in the image to 

adequately sample for valid statistical calculations, so the mean was assumed to be the 

assigned value of 100 with a standard deviation of 0. Table 5.11 lists the resulting 

statistics of the parameters for each class. The values listed are the means and standard 

deviations of the parameter values for the NSOOl landuse classes, which translate to the 

mean and standard deviation, and a quantitative measure of uncertainty, of the pixel 

parameter values for NSOOl. As seen in this table, image classification error not only 

induces uncertainty into the parameters, but can also change the mean values. Both the 

mean of model output and the reliability of those results will therefore be affected by 

image classification error. This table also shows that although it was previously 

established that the parameters of an impervious area are invariable, misclassification 

induces variability. This issue is discussed in section 5.4.7. 

ararneters 

Classes <JcN N (jN 

Building 95.1 7.9 0.062 0.0387 

Grass 73.7 9.3 0.170 0.0548 

Water 100.0 0.0 0.00 0.00 

Asphalt 94.7 8.1 0.065 0.0397 

Trees 72.1 8.6 0.183 0.0458 

Soil 85.6 8.2 0.086 0.0228 

Concrete 91.5 9.9 0.077 0.0463 

Gravel 86.6 10.7 0.096 0.0529 
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5.4.4 Second-Order Method for Uncertainty Propagation 

The remaining steps of the parameter uncertainty estimation process for the three 

images all involve the propagation of prior uncertainties through the calculations in order 

to account for the total uncertainty in the final results . For example, in the NSOOl 

aggregation process, the uncertainty due to classification error in each NSOO 1 pixel's 

curve number must be accounted for in the calculations of the subbasin weighted average 

and standard deviation of the curve number. The resulting total parameter uncertainty 

then includes the uncertainty incurred from both NSOO 1 image classification error and 

spatial variation within the subbasin. 

The Second-Order Approximation Method was used to propagate the uncertainty 

through the calculations. Like the first-order method ( described in section 4.2.2), this 

method is a means of approximating the moments of a function of random variables, but 

it is more complex, in that the Taylor Series is truncated at the second-order, rather than 

the first-order terms. The first-order method was used in the uncertainty analysis of the 

HEC-1 model performance function and is only applicable when the variances of the 

random variables are small relative to the function value. In all of the remaining 

calculations for parameter estimation, however, the functions are the weighted average 

and sample variance of parameter values, and the random variables are the individual 

parameter values. The variances of these random variables are not small and are often as 

large as or larger than the function values. Therefore, the second-order moment 

approximation method was used for uncertainty propagation in the parameter uncertainty 

estimation process and, since the functions are simple and known, the application was 
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done analytically. The method is described in this section in general terms and will be 

applied for specific calculations in following sections of this chapter. 

In the second-order approximation, for the general case of any set of random 

variables (X1, X2, ... , Xm) and function of those random variables, Y = g(X1, X2, ... , Xm), the 

function is expanded in a Taylor series about the means and truncated at the second-order 

terms. The mean or expected value of the function then is (Ang and Tang, 1975) 

(5.6) 

where the derivatives are evaluated at the means, µx, ,µx
2 

, ••• ,µx". If the random 

variables are uncorrelated, as is the case for the classifications and parameters of 

individual pixels, Eq. 5.6 becomes 

I m a2 g 
E(Y) = g(µx ,µx , ... ,µx ) +-~--2 Var(Xi) 

I 2 m 2L.J:-.x 
1= l U i 

(5.7) 

Thus, the mean of a function, Y, is approximately the function evaluated at the means 

plus a "correction factor," to account for the variance in each random variable, Var(Xi). 

In the parameter uncertainty calculations where uncertainty propagation was 

necessary, Eq. 5.7 was applied to the weighted average and sample variance functions. 

The general weighted average function is simply 

(5.8) 

where 

A VE(X) = weighted average of random variables X1, X2, ... , Xm, 

wi = weight or number of occurences of random variable i in the sample, 
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m = number of random variables, 

n = sample size, 

and the general expanded version of the equation for weighted sample variance is 

( )

2 
1 m 2 1 m 

Var(X)=-_-LwiX i - - Lwixi 
(n 1) i=l n(n 1) c=I 

(5.9) 

where 

Var(X) = the sample variance of random variables X1, X2, . . . , Xm. 

If a statistical population, rather than a sample of the population, is being considered, 

such as all of pixels contained within a subbasin, (n-1) in Eq. 5.9 should be replaced by n 

to obtain the equation for population variance. However, for all cases in this analysis 

where an entire population is the sample, the population size is large enough that 

substituting n for (n-1) will not change the results. Therefore, Eq. 5.9 was used in all 

calculations. 

To propagate uncertainty in the random variables (X1, X2, ... , Xm) through the two 

functions, Eq. 5. 7 is applied to calculate the means of the functions and account for 

variance in the random variables. By Eq. 5.7 the mean is approximately the function 

evaluated at the random variable means plus the corresponding correction factor. For 

A VE(X) , the correction factor is zero, since the second derivatives of the function are zero 

for all Xi, so 

1 m 

E(AVE(X)) = g(µ x ,µ x , ... ,µ x ) =-L w;µ x 
I 2 m n i=J i 

(5.10) 

The variance in the random variables does not affect the weighted average function . 
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For Var(X), the second derivative of the function is constant and equal to 2/n (for 

derivative calculations, see Appendix B). Thus, the expected value or mean of the 

sample variance is 

(5.11) 

where Var(X i) is the variance of random variable Xi. 

The first two terms of Eq. 5.11 provide a measure of the dispersion or spatial 

variability of the (mean) values of the random variables in the sample, while the third 

term, the correction factor, is the propagation of the random variables ' uncertainties. 

Because this equation describes the propagation of other variance through the sample 

variance equation, can also be thought of as a method of combining or compounding 

multiple errors or uncertainties. The use of Eqs. 5.9 and 5.10 for specific calculations for 

parameter uncertainty estimation will be presented in the next sections of this chapter. 

5.4.5 Residential Parameter Assignment Error - Steps LS 1 and LS2 

The first source of uncertainty for Landsat and SPOT is parameter assignment 

error and is calculated in steps LS 1 and LS2 of Figure 5.8. As discussed, the land cover 

compositions of residential areas in the Scottsdale study basin are variable and no exact 

parameter value exists for all residential pixels of the Landsat and SPOT images. The 

calculations of the residential parameters for both images were presented, and explained 

in detail for curve number, in section 5.2.3. This process in which Landsat and SPOT 
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pixels were compared to NSOO 1 pixels was expanded to calculate the standard deviation 

in the residential parameter assignments. 

As was shown in Figures 5.3 and 5.4, an area the size of a Landsat or SPOT pixel 

contains about 100 or 44, respectively, NSOOl pixels. The classification of each one of 

those NSOOl pixels is associated with uncertainty (section 5.4.3) that was measured as 

the standard deviation of the parameter value associated the landuse class of each pixel 

(Table 5.11). Because NSOOl pixels were used to determine the representative residential 

parameter assignments, the NSOO 1 classification uncertainty must be propagated through 

the calculation of the residential parameters' total variance. This calculation is a two-step 

process. First (step LS 1), the standard deviation in the parameters for each one of the 40 

tested Landsat and SPOT pixels is calculated. The results include the effects of the 

NSOOl image classification error (propagated) and the parameter spatial variability within 

each of the 40 pixels. Then (step LS2), the standard deviation in the overall residential 

parameter assignment was calculated from the variability between the 40 pixels and from 

their corresponding uncertainties determined in step LS 1. The resulting value of 

standard deviation thus combines NSOO 1 image classification error (propagated in both 

steps), spatial variability within the individual residential pixels (propagated in step LS2), 

and spatial variability between the different residential pixels. The part of Figure 5.8 (the 

total parameter estimation process) that describes the estimation process for parameter 

assignment error is enlarged and expanded upon below in Figure 5.10 for further clarity. 



40 pixels tested - each 
has uncertainty due to 
spatial variability and 

~ NSOOl uncertainty ~ , 
• __ vs_-t"'9m. • x 40 

<€,> µ, a 

I 
NSOO 1 pixels ' 
uncertainty is 
propagated 

The 40 parameter values 
are averaged - the average 
value has uncertainty due 
to variability between the 
40 pixels and to their 
associated uncertainties 

@ I 
Parameter Assignment 
Error for Landsat & 
SPOT landuse classes 

Averag~ 

<€> 
I 

Uncertainty in each 
( of the 40) pixels is 
propagated 

Figure 5.10 Parameter assignment error steps of the parameter uncertainty 
calculation procedure 
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In step LSI, the parameter for each NSOOl landuse class was considered a random 

variable and the 100 or 44 NSOO 1 pixels within one Landsat or SPOT pixel constituted a 

statistical sample. The second-order approximation method was applied, by Eq. 5.11, to 

propagate the NSOO 1 pixel uncertainties through the calculation of the mean sample 

variance for each of the 40 tested Landsat or SPOT pixel's parameters. The weighted 

averages were calculated in section 5.3.2 and, since this function did not change in the 

second-order method ( correction factor = 0), the same values were used here. Then, 

applied for Landsat and curve number, the expected value or mean of the sample variance 

(Eq. 5.11) becomes 

LS 1 ~ NS 2 1 [ ~ NS J
2 

1 ~ NS E(Var(CN) ) = - L...i w/µCN.) --- L...i wjµCN. +- L...i wjVar(CN) j 
n j=t 

1 n(n -1) j=t 
1 n j=t 

(5.12) 



100 

where 

Var(CN)LS = variance of CN in one (of 40) Landsat residential pixel, 

Var( CN) r = variance of CN for NSOO 1 class j. 

µii. = mean of CN for NSOO 1 class j, 
J 

w1 = weight or number of pixels of each landuse class 

m = number of random variables = 8 (NSOO 1 land use classes) 

n = sample size = 100 

The curve number standard deviation for the Landsat pixel is then the square root of the 

sample variance, a~ = ~Var( CN) LS . The results for 40 Landsat and 40 SPOT pixels 

are summarized partially, for demonstration, in Table 5.12 below and fully in Appendix 

A as Table A.1. 

T bl 5 12 P . I 1 t h 40 a e . artia resu ts or t e 1 d L d samp e an sat an d SPOT 'd . 1 . I res1 entia p1xe s 

Landsat SPOT 

CN N CN N 

pixel µ a pixel µ a pixel µ a pixel µ a 

I 86.2 13.4 I 0.105 0.069 1 82.2 13.4 1 0.123 0.071 

2 83.0 13.3 2 0.119 0.070 2 88.7 12.3 2 0.091 0.061 

3 92.4 9.6 3 0.073 0.045 3 93.0 9.6 3 0.073 0.048 

4 80.7 12.9 4 0.131 0.069 4 83.3 13.8 4 0.115 0.069 

5 90.5 10.0 5 0.080 0.046 5 91.2 10.1 5 0.078 0.047 

For step LS2, the second-order method was applied agam to obtain a 

representative parameter value for the residential pixels of each image. This time, the set 
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40 pixels was a random variable with the mean and standard deviation reported in Table 

A.x. Again, the average of the sample was calculated in section 5.3.2. and the· mean 

sample variance was calculated by Eq. 5.11. The results (Table 5.13) provide estimates 

of the average and standard deviation, which is the measure of the uncertainty, of the 

parameters assigned to a pixel classified as the residential landuse class for both Landsat 

and SPOT. This uncertainty includes the effects of both the variability of land cover for 

the residential class and the misclassification of the NSOO 1 pixels used to characterize the 

residential pixels. 

Table 5.13 Residential parameter assignments and uncertainties 
~~~~~~~

~~~~~~~
~ 

CN 
N 

Landsat SPOT 

µ 

88.5 
0.093 

12.4 
0.043 

CN 
N 

87.7 
0.096 

5.4.6 Landsat and SPOT Classification Error - Step LS3 

12.5 
0.063 

The next source of uncertainty for Landsat and SPOT is nnage classification 

error, which occurs as step LS3 in Figure 5.8. For each image, the confusion matrix 

combined with the uncertainty in residential parameter assignment calculated above, 

were used to determine the mean and standard deviation of the parameters for pixels of 

all landuse classes in Landsat and SPOT. The resulting standard deviations include the 

effects of both parameter assignment error and image classification error. Figure 5.11 

below expands upon the portion of Figure 5.8 pertaining to step LS3. 



Representative parameter values for each 
landuse class (& each pixel) are calculated 
from confusion matrix - contain uncertainty 
due to misclassification· of the pixels and 
uncertainty in the parameter assignment 

\ 
Confusion 

Matrix 

Parameter 

A . --ss1gnment 
Error 

Uncertainty in the 
residential parameter 
assignment is propagated 
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µ, cr 
~ -... 

Classification + 
Parameter Assign. 
Error in Landsat 
or SPOT pixels 

It. ... 

Figure 5.11 Landsat and SPOT classification error step of the parameter uncertainty 

calculation procedure 

The calculations were set up similar to those for NSOOl in section 5.4.4 in that the 

total number of pixels tested in a particular class constituted a statistical sample of all the 

pixels occurring in that class within the image. For Landsat and SPOT, however, each 

element of that sample was a random variable since the parameter assignments were not 

exact as they were assumed for NSOOl. The mean and variance of the residential class 

parameter assignments were calculated above. The other landuse classes, as mentioned, 

occurred less frequently in the images and, for this study, error in the parameter 

assignments of those classes was considered negligible relative to that of the residential 

class. The means of the other classes were assumed to be the values from the look-up 

tables and the variances were assumed to be zero. 
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The second-order method, by Eqs 5 .10 and 5 .11, was applied to each landuse 

class, or row of the confusion matrix, to obtain estimates of the mean weighted average 

and mean sample variance for that class. In doing so, the uncertainty in the residential 

parameter assignment is compounded with the uncertainty due to classification error. 

The random variables in this case for Eqs 5.10 and 5.11 are the parameter assignments 

for the pixels that were sampled from each class and reported in the confusion matrix. 

The results are estimates of the mean and standard deviation of the parameter value 

associated with the pixels of a particular landuse class in Landsat and SPOT. To 

demonstrate these calculations, a portion of the Landsat confusion matrix is shown in 

Table 5.14 with the means and standard deviations of the parameter assignments for each 

class. 

Table 5.14 Portion of Landsat confusion matrix 

Classes 
(j = 1) (j= 2) (j = 3) (j = 4) (j = 5) U= 6) (j = 7) 
asphalt ind us . residtl grass water agricul soil 

µcN 98 88 88.5 69 79 98 85 Total 

O'cN 0 0 12.4 0 0 0 0 

(i = 1) 98 0 22 0 9 1 1 0 2 35 
asphalt 

(i= 2) 88 0 0 9 2 0 0 1 0 12 
ind us 

(i= 3) 89 12.4 34 10 206 0 0 0 10 260 
residtl. 

For the Landsat landuse class i (row i of the confusion matrix) the mean curve 

number is calculated by Eq. 5.10 as 

(5.13) 



where 

µ ~N = mean of CN for Landsat landuse class of row i, 

µ ~N . = mean of assigned CN for Landsat class of column j, 
J 
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w1 = weight or number of pixels selected of each land use class ( element i,j of 

the confusion matrix), 

m = number of random variables = number of Landsat landuse classes, 

n = sample size = 'Total ' column of the confusion matrix. 

The sample variance of curve number is calculated by Eq 5 .11 as 

i 1 ,f A 2 1 ("f A J
2 

1 "f A 
E(Var(CN) ) =-~ w/µ CN.) --- ~wjµ CN · +-~wjVar(CN) j 

n .i=I 1 n(n -1) j=I 1 n j=I 

(5.14) 

where 

Var(CN)i = sample variance of CN for Landsat landuse class i, 

Var ( CN) J = variance of assigned CN for Landsat class j ( column j). 

The results for each landuse class of Landsat and SPOT are summarized in Tables 

5.15 and 5.16 below. As in Table 5.11 for NS001 , these results show that 

misclassification introduces variability into the impervious parameters. As will be 

described in the next section, that variability was shifted into the pervious area to 

maintain constant impervious parameters. 
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arameters 

Classes CJcN N (5N 

Asphalt 93.8 9.5 0.066 0.039 

Industrial 86.0 7.9 0.067 0.047 

Residential 89.8 11.7 0.084 0.041 

Grass 73.4 8.4 0.166 0.054 

Water 100.0 0.0 0.0 0.0 

Agriculture 69.0 8.4 0.178 0.045 

Soil 79.9 8.2 0.105 0.035 

arameters 

Classes CJcN N (5N 

Asphalt 93.8 9.0 0.064 0.041 

industrial 87.1 8.7 0.074 0.054 

residential 87.2 12.5 0.098 0.063 

grass 87.3 12.0 0.093 0.061 

water 100.0 0.0 0.00 0.00 

agriculture 78.8 14.4 0.135 0.069 

Soil 81.6 11.3 0.108 0.054 

5.4.7 Impervious and Pervious Area Adjustments 

When using the kinematic wave method in the HEC-1 model, a subbasin is 

represented by two overland flow planes, one pervious and one impervious, and separate 

parameter values are provided for each plane (see section 2.3.3). For uncertainty 

analysis, separate uncertainties must then be provided for the two overland flow planes. 

It was previously established that the parameters of an impervious surface are not 

variable. However image misclassification alters and adds variation to the mean 

parameter values for impervious classes. As opposed to the pervious classes, this 

variation is due only to the misclassification of pixels that are truly pervious as 
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impervious and not the misclassification of one type of impervious pixel as another type 

of impervious pixel, since all impervious pixels have the same assigned parameter values. 

To account for the misclassification-induced dispersion, yet retain the invariability of the 

parameters of impervious surfaces, the area or set of pixels labeled as an impervious class 

was divided into two sections. The portion that was truly pervious, incorrectly classified 

as impervious, was shifted into the pervious overland flow plane. The portion which was 

correctly classified as impervious remained a part of the impervious overland flow plane 

and was assigned the constant impervious parameters of 98 and 0.05 for curve number 

and Manning's roughness, respectively. All of the impervious parameter variability was 

shifted into the pervious area. Figure 5.12 illustrates this procedure. 

Classified as Pervious ··,,,, 

Classified as Impervious 

LJ Misclassified - should be Pervious 

Figure 5.12 Illustration of impervious area shifting process 
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The first step of this procedure was to determine the percentage of pixels 

classified as an impervious landuse class on each image that were ground-truthed as each 

pervious class based on the confusion matrices. For example, referring to Table 5.5, the 

example confusion matrix, the percent of the pixels misclassified as asphalt that should 

be grass was calculated by dividing 4 (the number of "ground truth" grass pixels) by 34 

(the total number of "classified" asphalt pixels). Table 5.17 summarizes the resulting 

impervious misclassification percentages for the three remote sensing images and also 

demonstrates that NSOO 1 is the more complicated of the three images for this procedure 

since it has three impervious classes that must be considered. The table does not include 

water, another impervious class for all three images, since it occurs rarely in each image 

and could not be sampled adequately to analyze statistically. The table also does not 

include the industrial and agricultural pervious classes of Landsat and SPOT since no 

asphalt pixels were misclassified as either of those two pervious classes in either image. 

T bl 5 17 P a e . ercentaJ ~es o flm lperv10us p· 1 h 1xe st at were M' 1 'f d 1sc ass1 1e 
% that % that % that % that % that 

should be should be should be should be should be 
residential soil grass trees gravel 

Building NIA 2.4 2.4 3.6 6.0 
NSOOl Asphalt NIA 1.0 2.0 4.9 8.8 

Concrete NIA 6.4 6.4 3.2 19.6 
Landsat Asphalt 25.7 5.7 2.9 NIA NIA 
SPOT Asphalt 26.1 8.7 0.0 NIA NIA 

Next, the percentages of pixels that were misclassified in the above table were 

applied to each of the 25 subbasins to calculate the number of impervious pixels which 

should be "shifted" into the area of each pervious class. The overall percents pervious 
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and impervious for the subbasin were correspondingly adjusted. For example in NSOOl, 

2.4% of building pixels, 1.0% of asphalt pixels and 6.4% of concrete pixels should be 

shifted, or added to the soil pixels and the appropriate number subtracted from those 

impervious classes. Table 5.18 demonstrates the results for a few subbasins for NSOOl. 

For subbasin 2, the aforementioned percentages for soil are multiplied by the 

corresponding total number of pixels in each impervious class and summed to obtain the 

number of impervious pixels to be shifted into the soil class. For example, 

(2.4% x 875241) + (1.0% x 1217466) + (6.4% x 77688) = 38038 pixels, 

where 38038 is the number of impervious pixels that were shifted into the soil landuse 

class. This shifting process was applied to each subbasin and the full results for the three 

images are included in Appendix A as Tables A.2-A.4. 

T bl S 18 E a e . f h.f d. . 1 t NSOOl xamp e o some s 1 te 1mperv1ous p1xe s or 
Sub- Total Number of Pixels Total Number of Pixels to be Shifted 
basin building asphalt concrete soil grass trees gravel 

2 875241 1217466 77688 38038 49974 93821 175185 
4 1436319 535194 174609 51122 56369 77836 167544 
7 303660 389367 95733 17311 21128 30980 71178 
8 515430 340767 114822 23169 26510 37197 83341 
10 602712 503163 223596 33882 38815 55265 123981 
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5.4.8 Aggregation Error - Steps N2 and LS4 

The final step for all three images in estimating the mean and uncertainty in the 

parameter values for a subbasin was the aggregation of the pixels that compose the 

subbasin and the combination of uncertainty due to aggregation, or spatial variability, 

with the previous sources of uncertainty (steps N2 and LS4 of Figure 5.8). Due to the 

method by which the subbasins were modeled in HEC-1 (kinematic wave) separate 

parameters were calculated for the pervious and impervious areas. Once the variability of 

the impervious area was shifted into the pervious area, as described above, the 

impervious area was composed of only impervious pixels. Therefore, aggregation was 

applied only to calculate the parameters of the pervious area within the subbasin. The 

impervious parameters were held constant. 

Again, the second-order approximation equations were applied to estimate the 

mean weighted average and mean sample variance for all the pervious pixels contained 

within the subbasin, and to propagate the uncertainty associated with each pixel. The 

resulting values of standard deviation for the subbasin pervious parameters combine the 

effects of aggregation and classification error, for all three images, and include the effects 

of parameter assignment error for Landsat and SPOT. 

To calculate the representative pervious parameter value of a subbasin, Eq. 5.10, 

the weighted average function, was applied. Then, the overall sample variance for the 

subbasin was determined by Eq. 5. 11 as the expected value of the sample variance. For 
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the curve number of subbasin B and image /, the sample variance thus is calculated as 

BJ 1 ~ I 2 1 r~ I )

2 

1 ~ J E(Var(CN) )=-k-lw/µcN . ) --- k.JwjµCN · +-k.JwjVar(CN) j n j=I 1 n(n -1) j=I 1 n j=l 

(5.14) 

where 

Var(CN) 8
,1 = sample variance of CN for pervious area of subbasin Band image/, 

Var( CN) ~ = variance of CN for image /, pervious class j. 

µ~N . = mean of CN for image /, pervious class j, J 

w1 = weight or # of pixels of each (pervious) land use class in the sub basin 

m = # of random variables = # of pervious landuse classes in image /, 

n = sample size = number of pervious pixels in subbasin B, 

The standard deviation of curve number for the subbasin is then the square root of the 

sample variance, a~; = ~Var(CN) 8
·
1 

. 

These aggregation calculations were applied to each subbasin for all three images. 

The final results, listed in Tables 5.19 and 5.20, are the subbasin parameter means and 

standard deviations that were used in the subsequent uncertainty analysis. 

5.4.9 Final Frequency Analysis 

The mean parameter values listed in the tables are different from those used 

earlier in this chapter for the construction of the frequency curves. Accounting for image 

classification error tends to increase lower curve numbers and decrease higher curve 
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Table 5.19 Overall curve number means and standard deviations for all 25 subbasins 
NS001 Landsat SPOT 

Sub basin µ er µ er µ er 
2 81.1 11.4 85.0 12.2 85.1 12.2 
4 82.4 11.2 88.5 11.7 85.2 12.9 
7 80.6 11.6 88.8 11.9 85.2 13.4 
8 81.6 11.4 89.0 11.3 85.0 12.8 
10 78.7 11.3 89.2 11.5 84.7 13.1 
11 79.2 11.5 86.6 12.9 84.1 13.7 
12 81.7 10.9 87.4 12.0 84.1 12.7 
13 78.9 11.5 89.6 11.8 84.8 13.5 
15 79.1 11.3 89.5 11.6 85.4 13.5 
18 78.5 11.3 89.6 11.6 85.5 13.7 
22 78.8 11.3 89.8 11.7 85.9 13.4 
23 78.9 11.3 89.8 11.7 85.8 13.5 
25 77.8 11.2 87.8 12.5 86.3 13.5 
27 69.1 11.3 78.1 12.9 81.3 13.3 
29 77.4 11.8 88.6 12.3 85.6 13.8 
30 78.4 11.2 88.3 12.1 85.2 13.3 
33 75.8 12.2 87.1 13.0 84.8 13.8 
34 68.7 11.1 75.9 12.0 80.8 13.3 
35 79.0 11.4 87.8 12.7 84.3 13.8 
36 80.7 11.2 87.3 12.1 84.5 13.6 
41 80.1 11.6 89.3 11.9 84.1 13.4 
42 79.0 11.5 89.7 11.7 86.0 13.4 
44 78.5 11.4 89.0 12.1 85.3 13.6 
45 78.0 11.2 88.7 12.1 85.2 13.7 
47 78.7 11.3 87.1 12.7 85.6 13.7 
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T bl 5 20 0 11 h a e . vera roug ness means an d d d d . . t 11 25 bb . stan ar eviat10ns or a SU asms 
NS001 Landsat SPOT 

Sub basin µ (j µ (j µ (j 

2 0.1243 0.0612 0.0951 0.0541 0.0967 0.0610 
4 0.1169 0.0591 0.0851 0.0453 0.1000 0.0624 
7 0.1290 0.0628 0.0860 0.0444 0.1030 0.0632 
8 0.1220 0.0609 0.0826 0.0421 0.1007 0.0619 
10 0.1399 0.0631 0.0834 0.0415 0.1030 0.0625 
11 0.1376 0.0636 0.0955 0.0503 0.1085 0.0664 
12 0.1184 0.0583 0.0903 0.0432 0.1038 0.0609 
13 0.1396 0.0636 0.0851 0.0413 0.1050 0.0641 
15 0.1367 0.0628 0.0839 0.0411 0.1026 0.0639 
18 0.1410 0.0632 0.0843 0.0408 0.1034 0.0644 
22 0.1387 0.0630 0.0844 0.0406 0.1011 0.0629 
23 0.1386 0.0631 0.0844 0.0406 0.1017 0.0633 
25 0.1458 0.0629 0.0933 0.0494 0.1006 0.0639 
27 0.1808 0.0528 0.1325 0.0599 0.1174 0.0639 
29 0.1460 0.0636 0.0894 0.0455 0.1032 0.0646 
30 0.1415 0.0629 0.0895 0.0467 0.1023 0.0649 
33 0.1532 0.0632 0.0958 0.0508 0.1057 0.0644 
34 0.1818 0.0515 0.1423 0.0594 0.1218 0.0648 
35 0.1377 0.0630 0.0930 0.0484 0.1076 0.0650 
36 0.1260 0.0611 0.0916 0.0440 0.1065 0.0640 
41 0.1317 0.0631 0.0862 0.0423 0.1065 0.0626 
42 0.1391 0.0636 0.0845 0.0406 0.1007 0.0629 
44 0.1415 0.0633 0.0876 0.0439 0.1039 0.0639 
45 0.1443 0.0630 0.0885 0.0455 0.1042 0.0645 
47 0.1395 0.0629 0.0952 0.0498 0.1032 0.0643 
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each image due to parameter adjustment (section 5.x) and image classification error. The 

change in the curves due to image classification error is a result of the change in the mean 

parameter values. The mean parameter values listed in the above tables are different 

from those used earlier in this chapter for the construction of the frequency curves. 

Accounting for image classification error tends to increase lower curve numbers and 

decrease higher curve numbers (and vice versa for Manning's roughness). The curves of 

Landsat and SPOT improve somewhat, but the peak flows are still significantly 

underestimated. The curve of the Scottsdale model is higher than NSOOl because it 

assumes fully developed conditions that are a conservative estimate of the curve number 

and may be higher than the present basin conditions. The uncertainty analysis of the next 

chapter will investigate if propagating the parameters uncertainty to the model output 

improves the agreement of the model results for the three images. 
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Figure 5.13 Frequency curves after image classification error is included 
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5.4.10 Comparison of Uncertainty Contributions 

The total parameter uncertainties were calculated for each of the 25 subbasins of 

Scottsdale Basin 9 for each remote sensing image. In order to compare the relative 

contribution of each source of uncertainty to the total parameter uncertainty, the 

calculations were carried out four more times, each time ignoring one source of 

uncertainty. Table 5.21 describes each calculation scenario. 

Table 5.21 Uncertainty calculation scenarios 
Case 

1 

2 

3 

4 

5 

Description 

Include all sources of uncertainty (All images) 
Ignore image classification error (All images) 
Ignore aggregation error (All images) 

Ignore parameter assignment error (Landsat and SPOT) 
Ignore NSOO 1 classification error in residential parameter 
calculations (Landsat and SPOT) 

To compare the uncertainty contributions, the average total uncertainty for all 25 

subbasins in each case was calculated and broken down into aggregation uncertainty 

(AU), and parameter assignment uncertainty (PAU) plus classification uncertainty (CU), 

as listed in Tables 5.20-5.22. Parameter assignment and classification uncertainties were 

not separated (for Landsat and SPOT) because they were combined in the calculations 

before being applied to each subbasin. The relative contribution of each uncertainty 

source to the total parameter uncertainty is shown in the tables by comparing the results 

for cases 2-5, in which the different sources of uncertainty were ignored, to case 1, in 

which all sources of uncertainty were included. The decrease in the value of the standard 

deviation for cases 2-5 from the value in case 1 represents the relative contribution of the 
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source that was ignored. For example, when classification and aggregation uncertainty 

are ignored for NSOOl, the total uncertainty decreases from 11.38 to 6.87 and 9.25, 

repsectively. Therefore classification error is the dominant source of uncertainty for 

NSOO 1. The results for curve number and Manning's roughness results showed the same 

trends, so the tables below report only the results for curve number. 

Tables 5.22-5.24 show that, for NSOOl, classification error is the largest portion 

of the total parameter uncertainty and, for Landsat and SPOT, parameter assignment error 

is the greatest contributor. Comparing between images, the aggregation uncertainty is 

greatest for NSOO 1, as expected, because it has the highest spatial resolution and captures 

the most spatial variability in the subbasin. In Landsat and SPOT, the majority of the 

image is classified as residential and spatial variability is lower. Uncertainty due to 

classification error is also high for NSOO 1 relative to the other images, because the 

landuse classes are more specific (i.e., building and trees vs. residential) and the overall 

image accuracy is lower (see Table 5.9). Conversely, the contribution of uncertainty due 

to classification error is small for Landsat and SPOT. The total uncertainty actually 

increases slightly for SPOT when classification uncertainty is ignored (case 2). This 

increase is due to the significant increase in aggregation uncertainty when classification 

error is ignored. As was seen in sections 5.4.3 and 5.4.6 the parameter means for each 

landuse class are affected by classification error. The mean values become less widely 

dispersed. Therefore if classification error is ignored, the parameter means have more 

dispersion and spatial variability is greater. The increase in spatial variability occurs for 

all three images, but is most pronounced for SPOT. 
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T bl 5 22 NSOOl a e . b curve num er unce rt t b akd am :y re own 
Case-ignored Mean CN CU (cr) AU (cr) Total (cr) 

1-none 78.4 9.25 6.60 11.38 
2-CU 74.8 0.00 6.87 6.87 
3-AU 78.4 9.25 0.00 9.25 

T bl 5 23 L d a e . an b b kd sat curve num er uncertamty rea own 
Case-ignored Mean CN PAU + CU (cr) AU (cr) Total (cr) 

1-none 87.5 10.96 3.95 11.91 
2-CU 86.6 9.91 4.50 11.33 
3-AU 87.5 10.96 0.00 10.96 

4-PAU 87.5 4.48 3.95 6.18 
5-NSOOl 87.5 10.90 3.95 11.85 

T bl 5 24 SPOT a e . b b kd curve num er uncertamty rea own 
Case-ignored Mean CN PAU + CU (cr) AU (cr) Total (cr) 

1-none 84.6 12.43 3.15 12.93 
2-CU 80.4 9.64 8.64 12.96 
3-AU 84.6 12.43 0.00 12.43 

4-PAU 84.6 7.75 3.15 8.37 
5-NSOOl 84.7 12.49 3.18 12.89 

The results for case 5, in which NSOOl classification error was ignored for the 

residential parameter calculations of Landsat and SPOT, show little decrease in 

uncertainty from case 1, where NSOOl classification error was included. This is also due 

to the increase in spatial variability of the parameter values (within one residential pixel) 

when NSOOl classification error is ignored. Therefore it was determined that for future 

applications in highly developed areas it is not necessary to account for NSOOl (or 
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another reference image of high resolution) classification uncertainty when calculating 

the parameters for landuse classes of lower resolution. 

The results of this section give preliminary evidence of the comparative impact of 

the different uncertainty sources for each image. For NSOO 1, both sources are expected 

to significantly affect the model results. For Landsat and SPOT, parameter assignment 

error is expected to greatly affect the results, while the other sources only slightly. These 

uncertainties, however, cannot be used to directly predict how the model uncertainty 

analysis results will compare between images, because they (the uncertainties) 

correspond to only the pervious areas. NSOOl is only 51 % pervious, while Landsat and 

SPOT are over 90% pervious, so the pervious area uncertainty will have less of an effect 

on the resulting model output uncertainty for NSOO 1 than for Landsat and SPOT. 

The parameter means and uncertainties of Cases 1-4 were used in the final 

uncertainty analysis to determine the impact of each uncertainty source on HEC-1 model 

simulations and to compare the overall uncertainty in the simulations when the three 

different remote sensing data sources were used for parameter estimation. The results are 

presented in the next chapter. 
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CHAPTER 6 - FINAL UNCERTAINTY ANALYSIS 

Using the parameter uncertainties calculated in Chapter 5, an uncertainty analysis 

was completed for the HEC-1 model for the 25-subbasin configuration of Scottsdale 

Basin 9. The results of the uncertainty analysis were compared for (1) the three remote 

sensing images considering all sources of uncertainty and both parameters, (2) the 

different sources of uncertainty in each image, (3) the two uncertain parameters, and (4) 

the three uncertainty analysis methods. 

6.1 Probability Distribution Assumption 

To facilitate graphical comparisons, a normal distribution was assumed for the 

model output based on the results of MCS. Figure 6.l(a) shows the histogram of MCS 

output data for Landsat along with the corresponding normal distribution, which was 

derived from the mean and standard deviation of the same MCS output data. Figure 

6.1 (b) is a normal probability plot of the Landsat MCS output data. Both of these figures 

demonstrate graphically that the normal distribution is a good fit for the model output. 

Similar figures for NSOO 1 and SPOT are included in Appendix A as Figures A.x and A.x, 

respectively. In order to validate the distribution assumption quantitatively, a chi-square 

test was performed for the MCS output histogram with a confidence level of 95% and 50 

degrees of freedom. The results , summarized below in Table 6.1, justify that the 

assumption of a normal distribution · is valid. The comparison quantity is the sum of the 

normalized square difference between the observed frequencies of the histogram (nD and 

the frequencies from the theoretical distribution (ei). 
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If the value of the companson quantity is less than the value of the appropriate 

x2 distribution, 

2 k (n. -e.) I l l 

i = 1 e . 
l 

2 <x 

where k is the number of histogram intervals, then the assumed theoretical distribution is 

acceptable. Since 50.4, 51.5, and 53.2 from Table 6.1 are all less than 67.5, the normal 

distribution is an acceptable model of the MCS output. 

T bl 61 R a e . f h' t d' 'b . fi esu ts o a c 1-square test or 1stn ution 1t. 
Comparison Quantity for Normal Distribution* 

Landsat NSOOl SPOT x2 distribution 

50.4 51.5 53.2 67.5 

6.2 Comparison of Remote Sensing Data Sources 

The output (peak flow) means and standard deviations derived from the MCS 

uncertainty analysis for the three images including all sources of uncertainty are listed in 

Table 6.2 and are plotted as normal distributions in Figure 6.2 for visual comparison. 

The results from the Scottsdale consulting firm model are included as a vertical line 

(since uncertainty analysis was not performed for that model) for further comparison and 

to maintain consistency with the previously presented frequency curves. For 

comparisons, the results of NSOO 1 were assumed to be the most accurate of the four 

models due to its high spatial resolution. 

Overall, the results followed expectations based on the parameter values and 

uncertainties calculated in Chapter 5 and on the percent impervious area associated with 
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each image. For review, the average of the parameter values and total parameter 

uncertainties over all 25 subbasins is reported in Table 6.3 for curve number (CN) and 

Manning's roughness (N), along the percent of impervious area in Basin 9. As was seen 

previously in the frequency curves, the mean peak flow for NSOOl is greater than that of 

Landsat and SPOT, despite having a lower average pervious area curve number (CN), 

because the percent impervious area is significantly higher. The lowest mean peak flow 

was produced by SPOT, which has the lowest values of both CN and percent impervious. 

The percent impervious area also affected the resulting uncertainties, or standard 

deviations, because the parameters of the impervious area were considered invariable. 

The coefficient of variation, also included in Table 6.1, is a better measure of uncertainty 

for comparison since it reflects the output uncertainty with respect to the value of the 

mean output. The peak flow coefficient of variation of NSOO 1 is much lower than that of 

Landsat and SPOT, although the parameter standard deviations are comparable, because 

only half the image (as compared to 94 and 97%) is described by uncertain parameters. 

The coefficient of variation of SPOT is the highest, as expected, because the parameter 

uncertainties were the highest and the percent impervious area is the lowest. 

T bl 6 2 U a e . 1 . 1 f h h ncertamtv ana ysis resu ts or t e t ree remote sensmg images 

Image Mean Peak Flow 
Peak Flow Standard Coefficient of 

Deviation Variation 
NSOOl 3568 194 0.054 

Landsat 3032 392 0.129 

SPOT 2460 399 0.162 
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T bl 6 3 A a e . 1 verage parameter va ues an d rt f £ B ·9 unce am 1es or asm 
Average Uncertainty of Average Uncertainty Percent 

value of CN CN value of N ofN Impervious 

NSOOl 78.4 11.4 0.140 0.062 49 

Landsat 87.5 11.9 0.092 0.046 6 

SPOT 84.6 12.9 0.105 0.064 3 
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Figure 6.2 Normal distributions of MCS results for the three remote sensing images 

As discussed in Chapter 5, Landsat and SPOT include the majority of the 

impervious area in the residential landuse class, a pervious class, resulting in higher 

pervious area CN's. However, even after the residential parameters are adjusted (section 

5.3.2) and misclassification is accounted for (section 5.4.6), the peak flows of Landsat 

and SPOT are still greatly underestimated as compared to NSOO 1. Consideration of the 
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output uncertainty also did not account for the disagreement between the peak flows of 

the images, since there is little overlap of the output distributions for Landsat and SPOT 

with that for NSOOl (Figure 6.2). The probability of their peak flows matching those of 

NSOOl (the area of overlap) is only approximately 25% for Landsat and 5% for SPOT. 

This suggests that other, unaccounted for sources of error exist in the parameter estimates 

of Landsat and SPOT and that these two images may not be appropriate sources of data 

for highly developed urban areas, with land cover variability of greater scale than the 

image pixel size. Also, the results for Landsat and SPOT suggest that the spectral 

resolution of an image is more important than the spatial resolution, since SPOT has 

higher spatial resolution, but greater underestimation of peak flows. The lower spectral 

resolution of SPOT may not be adequate to correctly characterize the different land cover 

types in an urban area and is likely the cause of its increased misclassification. 

For an example of the potential risk involved with the low peak flow estimates of 

Landsat and SPOT, the probabilities of correctly issuing a flood warning were assessed. 

The cumulative distributions of the output were plotted to show probabilities of 

exceedance in Figure 6.3. If a Scottsdale city manager determined that a peak flow of 

3500 cfs at the outlet of Basin 9 constituted a flood, so peak flow predictions of 3500 cfs 

or greater warranted the issue of a flood warning, the warning would not be issued when 

necessary a high percentage of the time using SPOT and Landsat data. For the same 

storm the probability of exceedence (1 - cumulative probability) of 3500 cfs is 

approximately 80% for NSOOl, 11 % for Landsat, and nearly 0% for SPOT. Assuming 
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that the true peak flow was near the mean peak flow of NSOOl for this storm (3568 cfs), a 

flood would have occurred, but likely gone unwarned using Landsat and SPOT data. 
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Figure 6.3 Cumulative distributions of peak flow 

6.3 Comparison of the Output Uncertainty Contributions 

4500 

The effect of the different sources of uncertainty for each image on the model output 

uncertainty was assessed by performing MCS uncertainty analysis with the various cases 

of parameter uncertainty (calculated by ignoring one source of uncertainty) presented in 

the section 5.4.9. The results show the contribution of each source of uncertainty in the 

parameter estimates to the overall uncertainty in the model output. For review, the three 

uncertainty sources included are: 
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• Parameter Assignment Error - the error in the parameter values assigned to a 

particular landuse class, before classification error is accounted for. This uncertainty 

was only measured for the residential landuse class, and therefore only for Landsat 

and SPOT 

• Classification Error - the error in the image classification, which affects the 

resulting "representative" parameter value for a pixel of a particular landuse class 

• Aggregation - the uncertainty due to spatial variability within a subbasin, incurred 

when one representative parameter value is calculated for a subbasin from the many 

pixels contained within the subbasin. 

A description of the parameter uncertainty scenarios that were analyzed is included in 

Table 6.4 below. The contribution of a particular source of uncertainty is determined by 

comparing the uncertainty analysis results for Cases 2-4 to Case 1, the reduction in output 

uncertainty is attributed to the uncertainty source that was ignored. 

Table 6.4 Uncertaintv calculation scenarios 
Case Description 

1 Include all sources of uncertainty (All images) 
2 Ignore image classification error (All images) 
3 Ignore aggregation error (All images) 
4 Ignore parameter assignment error (Landsat and SPOT) 

6.3.1 NSOOl 

The uncertainty analysis results for the three parameter uncertainty scenarios of 

NSOO 1 are presented in Table 6.5 and the normal distributions are plotted in Figure 6.4. 
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T bl 6 5 R a e . esu ts o f MCS fi NSOOl d hr or an t ee parameter uncertamty scenarios 
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Figure 6.4 Output distributions of MCS for NSOO 1 and three parameter 
uncertainty scenarios 

The distributions are wider for Cases 2 and 3 compared to Case 1, demonstrating 

the contributions of the two uncertainty sources to the output uncertainty. For Case 1, all 

sources of uncertainty were included so the distribution is more spread. The degree to 

which the distribution becomes narrower and more peaked reflects the amount of 

decrease in output uncertainty, so both uncertainty sources contribute measurably to the 
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total output uncertainty. However, classification error (Case 2) provides a larger 

contribution than aggregation (Case 3). The coefficients of variation also show the 

greater contribution of image classification error. In Case 1, when all uncertainty sources 

are included, the coefficient of variation is 0.053. That value decreases to 0.029 when 

classification error is ignored, but decreases only to 0.043 when aggregation is ignored. 

The output mean is also affected by the uncertainty sources as seen by the shift of 

the normal distributions to the left. The decrease in mean peak flow when classification 

error is ignored can be attributed to the change in the mean parameter values due to 

classification error as discussed in Chapter 5. The mean parameter values are the same 

for Cases 1 and 3 (ignore aggregation), however, and the mean peak flow is still lower in 

Case 3. This change is possibly due to the non-linear sensitivity of peak flow to curve 

number that was seen in the sensitivity analysis under extreme changes in curve number 

(Chapter 3). Changes in the curve number above approximately 80 have a greater 

incremental effect on the peak flow than do changes below that value. When the 

parameter uncertainty increases from Case 3 to Case 1 (aggregation no longer ignored) 

the distribution becomes wider and curve numbers are sampled from a wider range for 

MCS. Due to the non-linear sensitivity, the curve numbers of the upper extreme of the 

parameter distribution increase the peak flows more than the curve numbers of the lower 

extreme decrease the peak flows. Therefore the net effect is an increase in the mean peak 

flow . 

The changes in the mean peak flow and the peak flow uncertainty of the two 

sources for NSOO 1 demonstrate the importance in including both sources of error, but 
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particularly image classification error, when estimating parameter uncertainty. Despite 

the effort involved in its calculation, ignoring image classification error causes inaccurate 

predictions and creates the potential of unwarned floods or unwarranted flood warnings. 

6.3.2 Landsat 

The table of results (Table 6.6) and plots of the normal distributions (Figure 6.5) 

for the four scenarios of parameter uncertainty contribution for Landsat show that, of the 

three sources, parameter assignment error contributes the most uncertainty to the model 

output uncertainty. The coefficient of variation is the lowest and the normal distribution 

is the least disperse for Case 4, in which parameter assignment error was ignored. The 

other two sources of uncertainty do not significantly affect the model output uncertainty. 

Both classification error and parameter assignment error, however, impact the value of 

the mean peak flow. As for NSOOl , the parameter means change when accounting for 

image classification error, therefore the output mean changes. The output mean also 

changes slightly from Case 4, where parameter assignment error is ignored, to Case 1, 

where all uncertainties are included. The reason for this change may be the maximum 

curve number value of 98. The mean pervious area curve numbers are on average higher 

for Landsat (-87) than for NSOOl (-78). Therefore a wider distribution (for increased 

parameter uncertainty in Case 1) around the higher mean of 87 is truncated at 98 and 

cannot reach as far into the upper distribution extreme as into the lower. Curve numbers 

are thus sampled at more extreme values (further from the mean) in the lower part of the 

distribution than in the upper. The effect of the truncated distribution is hypothesized to 
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overshadow the effect of nonlinear curve number sensitivity discussed for NSOOl. 

Aggregation does not appreciably affect either the peak flow mean or uncertainty. 

T bl 6 6 R 1 f MCS fi L d a e . esu ts o or an sat an d fi rt t our parameter unce am y scenarios 

Case - ignored Mean Peak Standard Deviation Coefficient of 
Flow of Peak Flow Variation 

1 - none 3032 392 0.130 
2 - image classification 2850 368 0.130 
3 - parameter assignment 3012 369 0.123 
4 - aggregation 3128 280 0.090 
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Figure 6.5 Output distributions from MCS for Landsat and the four parameter 
uncertainty scenarios 

These results for Landsat demonstrate the effect of each source of parameter 

uncertainty on the model output mean and uncertainty. Parameter assignment error and 

image classification error, although complicated to determine, must be considered for 
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accurate model predictions and accurate assessments of the uncertainty m model 

predictions. Aggregation uncertainty involves less complicated calculations and, 

although it did not effect the model predictions in this case, it could significantly effect 

results for other cases. 

6.3.3 SPOT 

As for Landsat, parameter assignment error provides the greatest contribution of 

uncertainty to the model output for SPOT (see Table 6.7 and Figure 6.6). The coefficient 

of variation is the lowest and the normal distribution is the narrowest for Case 4 in which 

parameter assignment error is ignored. Another significant effect shown in these results 

is the significant decrease in the mean peak flow when classification error is ignored 

(Case 2). This change is greater for SPOT than for Landsat because the level of 

classification error for SPOT was greater. Because the decrease in the mean peak flow 

was so significant for Case 2, while there was only a slight decrease in peak flow 

standard deviation, the coefficient of variation actually increased from Case 1 to Case 2. 

The other trend seen in Landsat, an increase in the mean peak flow when parameter 

assignment error is ignored, does not occur for SPOT. Since the mean curve numbers are 

somewhat lower than those of Landsat, it is possible that the effect of a truncated 

distribution only cancels out the effect of nonlinear curve number sensitivity, rather than 

overshadowing it. 

These results for SPOT indicate the significance of each source of parameter 

uncertainty and the particular importance of image classification error and parameter 

assignment error for model predictions and estimates of the uncertainty associated with 
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those predictions. Overall, the results presented in this section for the three images 

demonstrate in general how the different sources of uncertainty for parameter estimation, 

calculated by the procedure described in Chapter 5, impact the uncertainty in model 

predictions for this highly developed basin. Results may vary for other basins. 

T bl 6 7 R a e . esu ts o fMCS £ SPOT d £ or an our parameter uncertamty scenarios 

Case - ignored Mean Peak 
Flow 

1- none 2460 
2 - image classification 1881 
3 - parameter assignment 2454 
4 - aggregation 
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Figure 6.6 Output distributions from MCS for SPOT and the four parameter 
uncertainty scenarios 
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6.4 Comparison of Two Uncertain Parameters 

In order to compare the effect of the two uncertain parameters to the uncertainty in 

the model output, the uncertainty methods were applied accounting for ( 1) uncertainty in 

both curve number and Manning's roughness and (2) only uncertainty in curve number. 

In Figures 6.7 and 6.8, Case 1 includes uncertainties for both parameters and Case 5 

includes the uncertainties for the curve numbers only. By adding the uncertainty of 

Manning' s roughness in Case 1, the output uncertainty increases only slightly as expected 

from the results of the sensitivity analysis in Chapter 3. Manning' s roughness was not a 

very sensitive parameter, therefore error in that parameter will not substantially effect 

model predictions or the uncertainty in model predictions. The results were similar for 

all three remote sensing images. 
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Figure 6.7 Output distributions from MCS for NSOOl and the two uncertain parameters 
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Figure 6.8 Output distributions from MCS for Landsat and the two uncertain parameters 
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Figure 6.9 Output distributions from MCS for SPOT and the two uncertain parameters 
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6.5 Comparison of Uncertainty Analysis Methods 

Three of the uncertainty analysis methods described in Chapter 4, MCS, FOSM, and 

Harr, were applied for the three images to compare their performance for a complex 

model and for different data sources. Figures 6.10-6.12 show the results for the three 

methods and each image. FOSM performs well in comparison to MCS for both Landsat 

and SPOT, but not for NSOOl. As shown in Table 6.3 the values of the curve numbers 

for NSOO 1 are lower on average than for the other two images. The model response to 

changes in curve number, as demonstrated in the sensitivity analysis (Chapter 3), is more 

nonlinear for lower values of curve number. Therefore, the poor performance of FOSM 

for NSOO 1 could be attributed to the lower curve numbers, since the method has been 

shown to perform poorly in cases of nonlinearity (see sections 2.4.2 and 4.2.2). 

The results for Harr, particularly for the standard deviation, are significantly 

different than those of MCS. As explained in section 4.2.4, the values of the input 

parameters for Harr's method for uncorrelated parameters are selected by multiplying the 

parameter's standard deviation by the square root of the total number of uncertain 

parameters and adding or subtracting that quantity from the mean (Eq. 4.7). Thus for a 

large number of uncertain parameters, the selected points are in the far extremes of the 

parameter distribution. In this case, the model contains 50 uncertain parameters (25 

curve numbers and 25 Manning's roughnesses). The standard deviations for curve 

number are approximately 12. The values of the curve numbers for Harr's method are 

then the mean plus or minus approximately 85 (12 x 7). In most cases, the resulting 

selection point is outside of the possible range of values (0-100 for curve number) and 
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adjustments must be made. As a result, the mean and particularly the standard deviation 

are poorly estimated by Harr's method. 

The performance of the three approximate uncertainty analysis methods presented in 

this study was shown to be variable and dependent on the conditions of the analysis, such 

as model characteristics and basin configuration. FOSM does not perform well for 

nonlinear models, Rosenblueth is inefficient for a large number of parameters (> 10), and 

Harr does not perform well for a very large number of uncertain parameters. These 

conditions should therefore be assessed before applying one of these methods to a 

particular problem, such as real-time flood forecasting, where MCS is inappropriate. 



a) 
0 

= a) 
s.... 
~ 
4-, 

6 
~ 

50 · · · 

0 

-50 

6 

~ 
E2 
0 z 

1 

(a) 

o o Peak Flow Mean 
* * Peak Flow Standard Deviation 

FOSM 

,, 

I 

I 

I 

' I -, . 
{ '~ 

/ : \\ 
I ! ' \ 

/ I \ \ 

(b) 

/ i \ ' 
' 

Harr 

MCS 
FOSM 
Harr 

0 '~----=~ ....... ===-.;!C_~_J_~--=~~--=-1=..~----1~-===~ ~ ~__!_~_____.J 

2800 3000 3200 3400 3600 3800 4000 4200 4400 4600 
Peak Flow ( cfs) 
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CHAPTER 7 - CONCLUSIONS 

7.1 Summary 

In this thesis analysis, a methodology was developed for evaluating uncertainty in 

hydrologic predictions that are based on remote sensing data. The methodology was 

applied to a highly developed basin in Scottsdale, Arizona to compare three remote 

sensing data sources; NSOOl, Landsat, and SPOT. Hydrologic parameters, curve number 

and Manning's roughness, were estimated using the three remote sensing data sources 

and the uncertainty in those estimates was determined and propagated to model output 

uncertainty by several uncertainty analysis methods. The procedure for determining the 

parameter uncertainties was a significant and complex step in the overall methodology 

and included three sources of uncertainty; image misclassification, error in parameter 

assignments for a particular landuse class, and aggregation of image pixels to subbasins. 

The relative contribution of each source of uncertainty was assessed for each image. 

Image misclassification provided the largest amount of uncertainty for NSOO 1 parameters 

and parameter assignment error contributed the most uncertainty for both Landsat and 

SPOT. 

To assess the effect of parameter uncertainty on uncertainty m hydrologic 

predictions, uncertainty analysis was applied to the output of the HEC-1 model of 

Scottsdale Basin 9 and for each remote sensing image. The kinematic wave runoff option 

and curve number method for computing precipitation excess were applied. 
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Prior to the uncertainty analysis, flood frequency curves for each image were 

constructed and demonstrated large discrepancies in the predicted peak flows of the three 

images. The probability distributions obtained from the results of the uncertainty analysis 

(100-yr flood) showed similar differences between the images. NSOOl predicted a much 

higher peak flow than either Landsat or SPOT with a much lower standard deviation. 

The differences in the mean peak flow were likely due to the lower spatial resolution of 

Landsat and lower spatial and spectral resolution of SPOT. The images were not able to 

capture the variability in land cover type due to their lower resolution. The higher 

uncertainty resulting from using Landsat and SPOT data can be attributed to the increased 

uncertainty associated with the lower resolution, and the comparatively small area that 

was classified as impervious area in the two images. 

The uncertainty analysis results were also compared between the different sources 

of uncertainty for each image, the two uncertain parameters, and for three uncertainty 

analysis methods. The uncertainty sources which contributed the most to parameter 

uncertainty, also contributed the most to model prediction uncertainty: image 

misclassification for NSOO 1 and parameter assignment error for Landsat and SPOT. Of 

the two uncertain parameters, the curve number contributed to model output uncertainty 

to a greater degree as compared with Manning's roughness, as expected from the 

sensitivity analysis. Finally, the results of two approximate and more efficient 

uncertainty analysis methods (First Order Second Moment Analysis and Barr's method) 

were compared to Monte Carlo simulation results. First Order Second Moment Analysis 
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gave reasonable estimates, while Harr' s method proved to be inappropriate for a large 

number of uncertain parameters. 

7.2 Future Recommendations 

This study was an initial effort to assess the uncertainty associated with 

hydrologic predictions due to the use of remote sensing data as a source for parameter 

estimation. The results were very variable depending on the characteristics of the data 

source, the uncertainty sources considered and the uncertain parameters included. Further 

analysis is recommended to investigate the effect of changing the precipitation event, the 

basin configuration, and the dominant types of land cover. For the uncertainty analysis 

portion of this study, only the 100-yr storm was used. Performing the analysis for other 

return periods would demonstrate how the size of the storm event effects the uncertainty 

in the predictions. Also, frequency curves which included confidence intervals could be 

constructed. The study basin (Basin 9) used in the uncertainty analysis consisted of 25 

subbasins. Increasing and decreasing the number of subbasins would be expected to 

effect parameter uncertainty, due to aggregation, and thus effect model output uncertainty. 

Within Basin 9, an urbanized basin, the land cover was highly variable and highly 

impervious, making it difficult for Landsat and SPOT to accurately capture the landuse. 

Performing the analysis for an undeveloped basin would potentially yield significantly 

different results. 

Other recommendations for future study include further investigation of some 

other more efficient (than MCS) uncertainty analysis methods and expansion of the 
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parameter uncertainty calculation method to include errors is assigning parameters to 

landuse classes other than residential. Other uncertainty analysis methods have been 

developed, namely Latin Hypercube Simulation and Stratified Sampling Method, that 

were not included in this study. These methods may be able to handle both nonlinear 

models and large numbers of parameters, unlike FOSM and Harr, and may prove to be 

more useful for real-time flood forecasting. The parameter calculation method, as 

mentioned throughout Chapter 5, accounted only for errors in the assignment of 

parameter values to the residential landuse class. Error in parameter assignments for 

other classes may be more significant than expected and could be included in the 

calculation process for a more thorough assessment of parameter uncertainty. 
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Table A.1 Mean(µ) and std deviation (cr) of 40 sampled Landsat and SPOT pixels 
Landsat SPOT 

CN N CN N 
pixel µ a pixel µ a pixel µ a pixel µ a 

1 86.16 13.64 1 0.105 0.069 1 82.25 13.40 1 0.123 0.071 
2 87.26 13.01 2 0.099 0.065 2 83.31 12.98 2 0.115 0.069 
3 83.04 13.15 3 0.119 0.070 3 84.24 13.75 3 0.116 0.072 
4 89.61 12.30 4 0.088 0.066 4 73.70 9.30 4 0.160 0.061 
5 92.38 7.23 5 0.073 0.045 5 88.74 12.30 5 0.091 0.061 
6 88.10 12.05 6 0.095 0.061 6 93.01 9.63 6 0.073 0.048 
7 87.35 12.00 7 0.096 0.060 7 93.23 9.20 7 0.069 0.044 
8 80.71 12.56 8 0.131 0.069 8 89.12 11.72 8 0.090 0.058 
9 92.52 8.35 9 0.074 0.048 9 91.16 10.09 9 0.078 0.047 
10 93.30 5.49 10 0.070 0.043 10 89.37 12.02 10 0.090 0.060 
11 90.93 9.27 11 0.077 0.045 11 86.53 12.36 11 0.101 0.062 
12 90.48 8.47 12 0.080 0.046 12 90.46 11.96 12 0.082 0.063 
13 82.06 12.73 13 0.124 0.070 13 89.82 11.29 13 0.085 0.055 
14 85.12 13.30 14 0.109 0.068 14 80.07 12.63 14 0.132 0.068 
15 88.99 11.61 15 0.091 0.061 15 90.72 10.46 15 0.080 0.049 
16 87.61 13.51 16 0.095 0.069 16 88.56 12.53 16 0.095 0.064 
17 89.05 11.40 17 0.090 0.059 17 91.84 10.42 17 0.075 0.051 
18 85.44 14.20 18 0.111 0.073 18 87.33 12.41 18 0.096 0.062 
19 88.27 12.06 19 0.093 0.060 19 89.82 11.35 19 0.085 0.055 
20 86.42 13.70 20 0.104 0.067 20 89.15 11.89 20 0.091 0.060 
21 90.69 11.61 21 0.080 0.065 21 87.28 11.94 21 0.097 0.060 
22 90.98 9.71 22 0.078 0.049 22 89.93 10.80 22 0.082 0.051 
23 88.70 12.47 23 0.091 0.062 23 89.96 11.86 23 0.088 0.061 
24 87.10 13.49 24 0.100 0.067 24 88.19 12.29 24 0.095 0.062 
25 86.73 13.48 25 0.103 0.066 25 83.87 13.17 25 0.116 0.070 
26 86.92 13.66 26 0.101 0.067 26 90.94 10.61 26 0.080 0.051 
27 88.50 12.47 27 0.092 0.061 27 88.56 12.35 27 0.093 0.062 
28 88.39 12.22 28 0.092 0.062 28 86.26 13.29 28 0.104 0.068 
29 90.90 9.82 29 0.083 0.055 29 88.28 12.11 29 0.091 0.061 
30 91.93 8.72 30 0.075 0.047 30 86.13 13.14 30 0.103 0.068 
31 91.85 8.24 31 0.078 0.050 31 87.61 12.66 31 0.097 0.064 
32 85.96 12.96 32 0.103 0.064 32 87.36 12.07 32 0.094 0.060 
33 91.88 9.17 33 0.077 0.054 33 85.08 13.11 33 0.110 0.068 
34 91.73 8.69 34 0.076 0.048 34 86.90 12.85 34 0.101 0.066 
35 87.69 12.63 35 0.096 0.066 35 86.67 12.34 35 0.098 0.062 
36 91.36 9.69 36 0.079 0.051 36 90.31 10.48 36 0.081 0.049 
37 88.81 11.98 37 0.091 0.059 37 86.35 13.09 37 0.101 0.068 
38 88.84 11.57 38 0.089 0.059 38 93.13 8.98 38 0.071 0.043 
39 91.54 9.00 39 0.080 0.054 39 86.11 12.67 39 0.103 0.064 
40 89.32 10.68 40 0.087 0.058 40 88.16 11.72 40 0.092 0.059 
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Table A.2 Number of shifted impervious pixels for NSOOl and each subbasin 
Sub- Total Number of Pixels Total Number of Pixels to be Shifted 
basin building asphalt concrete grass trees soil gravel 

2 875241 1217466 77688 49974 93821 38038 175185 
4 1436319 535194 174609 56369 77836 51122 167544 
7 303660 389367 95733 21128 30980 17311 71178 
8 515430 340767 114822 26510 37197 23169 83341 
10 602712 503163 223596 38815 55265 33882 123981 
11 356166 725805 100179 29277 51684 22161 104887 
12 260595 303804 55350 15807 26097 12829 53218 
13 443124 682470 146556 33515 54199 26824 115278 
15 766656 1044027 474516 69559 94195 59323 230146 
18 239301 355194 110907 19886 29639 16404 67222 
22 367938 343260 206892 28944 36799 25579 92496 
23 302040 409698 177219 26745 36717 22728 88645 
25 629361 759465 270243 47492 68694 40046 157230 
27 232353 393732 78606 18390 30235 14530 63952 
29 566262 1019025 284769 51998 79606 42008 179143 
30 309780 285741 137124 21914 29627 19113 70414 
33 399645 703323 184986 35355 54889 28460 121937 
34 237375 390987 89226 19143 30624 15310 66068 
35 269109 453969 130734 23820 36197 19370 81571 
36 479052 691470 325755 46118 61719 39339 152920 
41 493740 813015 214056 41649 64605 33678 142910 
42 382365 708390 141534 32235 53111 25290 112933 
44 369009 469260 151119 27843 41215 23242 92884 
45 724005 752121 297630 51395 72638 44022 167584 
47 610740 781623 273024 47657 69197 39994 158602 
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Table A.3 Number of shifted impervious pixels for Landsat and each subbasin 
Total# of Total Number of Pixels to be Shifted Sub- Pixels 

basin asphalt Residential soil grass agriculture industrial 
2 1314882 338113 75136 37568 0 0 
4 2529 650 145 72 0 0 
7 290295 74647 16588 8294 0 0 
8 6984 1796 399 200 0 0 
10 333198 85679 19040 9520 0 0 
11 986265 253611 56358 28179 0 0 
12 53775 13828 3073 1536 0 0 
13 140679 36175 8039 4019 0 0 
15 535545 137712 30603 15301 0 0 
18 175860 45221 10049 5025 0 0 
22 0 0 0 0 0 0 
23 666 171 38 19 0 0 
25 27648 7109 1580 790 0 0 
27 232353 59748 13277 6639 0 0 
29 140139 36036 8008 4004 0 0 
30 18432 4740 1053 527 0 0 
33 152415 39192 8709 4355 0 0 
34 536283 137901 30645 15322 0 0 
35 75132 19320 4293 2147 0 0 
36 167688 43120 9582 4791 0 0 
41 53442 13742 3054 1527 0 0 
42 101682 26147 5810 2905 0 0 
44 42858 11021 2449 1225 0 0 
45 305721 78614 17470 8735 0 0 
47 69957 17989 3998 1999 0 0 
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Table A.4 Number of shifted impervious pixels for SPOT and each sub basin 
Total# of 

Total Number of Pixels to be Shifted Sub- Pixels 
basin asphalt Residential soil grass agriculture industrial 

2 794871 207358 69119 0 0 0 
4 44865 11704 3901 0 0 0 
7 6840 1784 595 0 0 0 
8 20484 5344 1781 0 0 0 
10 1521 397 132 0 0 0 
11 178965 46687 15562 0 0 0 
12 19260 5024 1675 0 0 0 
13 43641 11385 3795 0 0 0 
15 365175 95263 31754 0 0 0 
18 144027 37572 12524 0 0 0 
22 4896 1277 426 0 0 0 
23 0 0 0 0 0 0 
25 0 0 0 0 0 0 
27 0 0 0 0 0 0 
29 0 0 0 0 0 0 
30 27936 7288 2429 0 0 0 
33 0 0 0 0 0 0 
34 111483 29083 9694 0 0 0 
35 75087 19588 6529 0 0 0 
36 46908 12237 4079 0 0 0 
41 0 0 0 0 0 0 
42 0 0 0 0 0 0 
44 0 0 0 0 0 0 
45 28152 7344 2448 0 0 0 
47 0 0 0 0 0 0 
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APPENDIXB 

EXAMPLE INPUT AND OUTPUT FILES 
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B.1 HEC-1 Input Files 

B. 1. 1 HEC-1 Input File for NSOO 1 

ns25- l 00.in 

ID 
ID Scottsdale Ba sin 9 - 25 Sub-Basin Partition 
ID 
ID NSOOl Data - before misclassification 
ID 
ID 100 Year Storm 
ID 
ID 
IT 2 300 
IO 5 
KK 45 BASIN 
BAO .1303 
PH 0 . 00 0.00 0.76 1. 50 2 . 55 2.81 2 . 98 3 . 30 
LS 0 74 . 0 0 0 98 0 
UK 719.6 0 . 0091 0.163 58.9 
UK 728.2 0 . 0095 0.049 41.1 
RK 2509 0.0186 0.020 TRAP 60.0 1. 0 
KK RT47 ROUTE 
RK 1313 0.0035 0.017 TRAP 52.5 1. 0 
KK 47 BASIN 
BA0 . 1172 
LS 0 74 . 5 0 0 98 0 
UK 611.1 0 . 0090 0.158 57.8 
UK 664 . 7 0.0105 0.049 42.2 
RK 2561 0.0147 0.020 TRAP 45.0 1. 0 
KK CM47 COMBINE 
HC 2 
KK RT44A ROUTE 
RK1007.0 0.0020 0.025 TRAP 3 . 0 1. 0 
KK RT44B ROUTE 
RK 774.0 0.0020 0.025 TRAP 5.0 1. 5 
KK 44 BASIN 
BA0.0703 
LS 0 74.6 0 0 98 0 
UK 533 . 7 0 . 0120 0.159 58 . 1 
UK 566.7 0.0134 0 . 049 41. 9 
RK 1781 0.0566 0.03 TRAP 12.0 1. 0 
KK 42 BASIN 
BA0.0756 
LS 0 75.3 0 0 98 0 
UK 182.6 0.01450 0 . 155 50 . 6 
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ns25-100.in - continued 

UK 277.4 0 . 0139 0.048 49.4 
RK4581.5 0.0185 0.025 TRAP 45.0 1. 0 
KK CM44 COMBINE 
HC 3 
KK RT41 ROUTE 
RK 852 0.002 0.025 TRAP 8.0 2 
KK 41 BASIN 
BA0 . 0855 
LS 0 76.4 0 0 98 0 
UK 275.9 0.02490 0 . 147 47.3 
UK 503 . 5 0.0295 0 . 049 52.7 
RK 3058 0.1128 0.025 TRAP 21. 0 1. 0 
KK CM41 COMBINE 
HC 2 
KK RT34A ROUTE 
RK 1565 0.002 0.025 TRAP 2.0 2.0 
KK 36 BASIN 
BA0.1251 
LS 0 76 . 3 0 0 98 0 
UK 757.8 0.00920 0.142 65.0 
UK 583.5 0.00880 0.049 35.0 
RK 2600 0.02110 0.018 TRAP 49.0 1. 0 
KK RT35 ROUTE 
RK1311. 0 0.02093 0.017 TRAP 93.8 1. 0 
KK 35 BASIN 
BA0.0721 
LS 0 74.9 0 0 98 0 
UK 863.2 0 . 01550 0.155 64.5 
UK 670.0 0.01380 0.049 35.5 
RK 1311 0.02093 0.017 TRAP 93.8 1. 0 
KK CM35 COMBINE 
HC 2 
KK RT34B ROUTE 
RK 1167 0.0035 0.017 TRAP 97.5 1. 0 
KK 34 BASIN 
B.A0.2693 
LS 0 68.7 0 0 98 0 
UK3046.2 0.02960 0.184 90.4 
UK1751.0 0.03370 0.050 9.6 
RK 1565 0.0261 0.025 TRAP 20.0 1. 0 
KK CM34 COMBINE 
HC 3 
KK RT33 
RK 1241 0.0015 0.013 CIRC 4.0 
KK 33 BASIN 
BA0.1032 
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ns25-100.in - continued 

LS 0 72.9 0 0 98 0 
UK1080.3 0.01650 0.166 62.6 
UK1238.0 0.01730 0.049 37.4 
RK 1241 0.0212 0.020 TRAP 38.0 
KK CM33 COMBINE 
HC 2 
KK RT29A ROUTE 
RK 1344 0.0015 0. 013 CIRC 4.0 
KK 29 BASIN 
BA0 . 1812 
LS 0 74.0 0 0 98 0 
UK1632.7 0.01510 0.161 58.4 
UK2025.9 0.01600 0.049 41. 6 
RK 1344 0.03375 0.020 TRAP 38.0 1. 0 
KK 23 BASIN 
BA0 . 0567 
LS 0 74.8 0 0 98 0 
UK 277.6 0.01010 0.156 54 . 4 
UK 362.1 0.00940 0.050 45.6 
RK 2471 0.02552 0.020 TRAP 23.0 1. 0 
KK RT30 ROUTE 
RK 1280 0.01564 0.020 TRAP 60.0 1. 0 
KK 30 BASIN 
BA0.0500 
LS 0 74.2 0 0 98 0 
UK 510.7 0.01180 0.160 57.3 
UK 578.3 0.01200 0.049 42.7 
RK 1280 0.01564 0.020 TRAP 60.0 1. 0 
RK 917 0.01564 0.020 TRAP 19.0 1. 0 
KK CM30 COMBINE 
HC 2 
KK RT29B ROUTE 
RK 454 0.01514 0.020 TRAP 60.0 1. 0 
KK CM29 COMBINE 
HC 3 
KK RT25A ROUTE 
RK 2054 0.00150 0.013 CIRC 4.0 
KK 27 BASIN 
BA0.1247 
LS 0 68.1 0 0 98 0 
UK 614.0 0.01870 0.184 83.3 
UK 735.5 0.03150 0.050 16.7 
RK 2576 0.03415 0.020 TRAP 98.0 1. 0 
RK 849 0.03415 0.017 TRAP 45.0 1. 0 
KK RT25B ROUTE 
RK 276 0.03415 0.020 TRAP 45.0 1. 0 



153 

ns25-100.in - continued 

KK RT25C ROUTE 
RK 700 0.0015 0. 013 CIRC 4.0 
KK 25 BASIN 
BA0 . 1204 
LS 0 73.7 0 0 98 0 
UK 807 . 3 0 . 01890 0.165 59.0 
UK 826.9 0.02130 0.049 41. 0 
RK 2054 0.03048 0.020 TRAP 38.0 1. 0 
KK CM25 COMBINE 
HC 3 
KK RT13A ROUTE 
RK 451 0.0015 0. 013 CIRC 4.0 
KK RT13B ROUTE 
RK 903 0.07854 0.025 TRAP 12.0 1. 0 
KK 13 BASIN 
BA0.0719 
LS 0 75.3 0 0 98 0 
UK 532.3 0.03430 0.155 46.3 
UK1006.1 0 . 03300 0.049 53.7 
RK 1303 0.07854 0.020 TRAP 38.0 1. 0 
KK CM13 COMBINE 
HC 2 
KK 22 BASIN 
BA0.0579 
LS 0 74.7 0 0 98 0 
UK 259.6 0.01140 0.157 54.4 
UK 347.0 0.01250 0.050 45.6 
RK 2661 0.01770 0.020 TRAP 38.0 1. 0 
KK RT15A ROUTE 
RK 3187 0.02740 0.017 TRAP 45.0 1. 0 
KK 15 BASIN 
BA0.1424 
LS 0 74.8 0 0 98 0 
UK 388.9 0.00960 0.155 53.6 
UK 537.1 0.01070 0.050 46.4 
RK 4287 0.02740 0.017 TRAP 45.0 1. 0 
KK CM15 COMBINE 
HC 2 
KK RT15B ROUTE 
RK 1100 0.002 0. 013 CIRC 3.5 
KK RT18 ROUTE 
RK 199 0.0056 0.013 CIRC 4.0 
KK 18 BASIN 
BA0.0422 
LS 0 74.5 0 0 98 0 
UK 148.9 0.01770 0.159 51.1 
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UK 228 . 0 0.01 440 0 . 050 48 . 9 
RK3121.2 0.01222 0 . 092 TRAP 53.0 1. 0 
KK CM18 COMBINE 
HC 2 
KK RT13C ROUTE 
RK 618 0 . 0056 0 . 013 CIRC 4.0 
KK CM13 COMBINE 
HC 2 
KK RT12 ROUTE 
RK 1061 0 . 00200 0.025 TRAP 10.0 2.0 
KK 12 BASIN 
BA0.0379 
LS 0 77.1 0 0 98 0 
UK 396.3 0 . 07020 0 .133 50 . 6 
UK 592.0 0 . 06340 0 . 04 9 49 . 4 
RK 1069 0 . 13472 0.030 TRAP 49 . 0 2.0 
KK CM12 COMBINE 
HC 2 
KK RTllA ROUTE 
RK 1836 0.0015 0. 013 CIRC 4 . 0 
KK 11 BASIN 
BA0.0753 
LS 0 75.5 0 0 98 0 
UK 467.6 0.04920 0 . 153 51. 0 
UK 675.7 0 . 03720 0.048 49 . 0 
RK 1836 0.02653 0.020 TRAP 38.0 1. 0 
KK 02 BASIN 
BA0.1031 
LS 0 77 . 1 0 0 98 0 
UK 406.1 0.05100 0.139 37.1 
UK1268.4 0 . 01760 0.050 62.9 
RK1715 . 4 0 . 04498 0 . 020 TRAP 30 . 0 1. 0 
KK RTllB ROUTE 
RK 213 0 . 0020 0. 013 CIRC 1. 5 
KK CMll COMBINE 
HC 3 
KK RTlO ROUTE 
RK 1100 0 . 0015 0. 013 CIRC 4.5 
KK 10 BASIN 
BA0.0775 
LS 0 74.6 0 0 98 0 
UK 730.7 0 . 03960 0.1 57 49.2 
UK1233.5 0 . 03010 0.049 50 . 8 
RK 1100 0 . 03080 0 . 020 TRAP 53.0 1. 0 
KK CMlO COMBINE 
HC 2 
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KK RT07 
RK 218 0.00200 0 . 030 TRAP 10.0 2.0 
KK 07 BASIN 
BA0.0538 
LS 0 77.0 0 0 98 0 
UK 354.9 0.01058 0.143 56.3 
UK 408.4 0.01361 0.049 43.7 
RK1965.0 0.02345 0.020 TRAP 38.0 1. 0 
KK CM07 COMBINE 
HC 2 
KK RT08A ROUTE 
RK 1358 0.09750 0.030 TRAP 10.0 2.0 
KK 04 BASIN 
BA0.0886 
LS 0 78.6 0 0 98 0 
UK 676.8 0.02730 0.129 28.3 
UK 102.0 0.00550 0.050 71. 7 
RK1327. 4 0.00964 0.020 TRAP 38.0 1. 0 
RK 1844 0.0004 0.020 TRAP 60.0 1. 0 
KK RT08B 
RK 594 0.0035 0.017 TRAP 60.0 1. 0 
KK 08 BASIN 
BA0.0426 
LS 0 77.8 0 0 98 0 
UK 160.1 0.07930 0.135 32.9 
UK 734.2 0.03100 0.050 67.1 
RK 1328 0.09750 0.020 TRAP 30.0 1. 0 
KKOUTLET COMBINE 
HC 3 
zz 
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B.1.2 HEC-1 Input File for Landsat 

ls25-l 00.in 

ID 
ID Scottsdale Basin 9 - 25 Sub-Basin Partition 
ID 
ID LANDSAT Data - before miclassification 
ID 
ID 100 Year Storm 
ID 
ID 
IT 2 300 
IO 5 
KK 45 BASIN 
BA0.1303 
PH 0.00 0 . 00 0.76 1. so 2.55 2.81 2.98 3.30 
LS 0 87 . 81 0 0 98 0 
UK1292.9 0.0145 0.0957 94.2 
UK 154.9 0.0167 0.050 5.8 
RK 2509 0.0186 0.020 TRAP 60.0 1. 0 
KK RT47 ROUTE 
RK 1313 0.0035 0.017 TRAP 52.5 1. 0 
KK 47 BASIN 
BA0.1172 
LS 0 85.98 0 0 98 0 
UK1240 . 1 0.0145 0.096 98.5 
UK 35.7 0 . 0121 0.050 1. 5 
RK 2561 0.0147 0.020 TRAP 45.0 1. 0 
KK CM47 COMBINE 
HC 2 
KK RT44A ROUTE 
RK1007.0 0.0020 0.025 TRAP 3.0 1. 0 
KK RT44B ROUTE 
RK 774.0 0.0020 0.025 TRAP 5.0 1. 5 
KK 44 BASIN 
BA0.0703 
LS 0 88.17 0 0 98 0 
UK 1076 0.0198 0.0946 98.5 
UK 24 0.0121 0.050 1. 5 
RK 1781 0.0566 0.03 TRAP 12.0 1. 0 
KK 42 BASIN 
BA0.0756 
LS 0 89.0 0 0 98 0 
UK 437.5 0.02062 0 . 0910 96.7 
UK 22.5 0.02186 0.050 3.3 
RK4581.5 0.0185 0.025 TRAP 45.0 1. 0 
KK CM44 COMBINE 
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HC 3 
KK RT41 ROUTE 
RK 852 0.002 0.025 TRAP 8 . 0 2 
KK 41 BASIN 
BA0 . 0855 
LS 0 88.5 0 0 98 0 
UK 762.3 0.03257 0.093 98.5 
UK 17.1 0.01714 0.050 1. 5 
RK 3058 0 . 1128 0.025 TRAP 21. 0 1. 0 
KK CM41 COMBINE 
HC 2 
KK RT34A ROUTE 
RK 1565 0.002 0.025 TRAP 2.0 2.0 
KK 36 BASIN 
BA0.1251 
LS 0 86.35 0 0 98 0 
UK1277 . 0 0.01491 0.097 96.7 
UK 64.4 0 . 02180 0.050 3.3 
RK 2600 0.02110 0.018 TRAP 49.0 1. 0 
KK RT35 ROUTE 
RK1311.0 0.02093 0.017 TRAP 93.8 1. 0 
KK 35 BASIN 
BA0.0721 
LS 0 86.7 0 0 98 0 
UK1476.5 0 . 02229 0.101 97.4 
UK 56.7 0.02384 0.050 2 . 6 
RK 1311 0.02093 0.017 TRAP 93.8 1. 0 
KK CM35 COMBINE 
HC 2 
KK RT34B ROUTE 
RK 1167 0.0035 0.017 TRAP 97.5 1. 0 
KK 34 BASIN 
BA0.2693 
LS 0 73.33 0 0 98 0 
UK4269.5 0.03366 0.1551 92.8 
UK 527.7 0.02458 0.038 7.2 
RK 1565 0.0261 0.025 TRAP 20.0 1. 0 
KK CM34 COMBINE 
HC 3 
KK RT33 
RK 1241 0.0015 0. 013 CIRC 4.0 
KK 33 BASIN 
BA0.1032 
LS 0 86.01 0 0 98 0 
UK2195.5 0 . 02279 0.105 96.4 
UK 122.9 0.03460 0.050 3.6 
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RK 1241 0.0212 0.020 TRAP 38 . 0 
KK CM33 COMBINE 
HC 2 
KK RT29A ROUTE 
RK 1344 0.0015 0 . 013 CIRC 4.0 
KK 29 BASIN 
BA0.1812 
LS 0 87.67 0 0 98 0 
UK3619.5 0.02431 0.0968 97.4 
UK 139 .1 0.03040 0.050 2 . 6 
RK 1344 0.03375 0.020 TRAP 38 . 0 1. 0 
KK 23 BASIN 
BA0.0567 
LS 0 89.00 0 0 98 0 
UK 639 . 7 0.01750 0.0910 100.0 
RK 2471 0.02552 0.020 TRAP 23.0 1. 0 
KK RT30 ROUTE 
RK 1280 0.01564 0.020 TRAP 60.0 1. 0 
KK 30 BASIN 
BA0.0500 
LS 0 87.40 0 0 98 0 
UK 598.3 0 . 01982 0.096 99.0 
UK 36.2 0.01499 0.050 1. 0 
RK 1280 0.01564 0.020 TRAP 60.0 1. 0 
RK 917 0.01564 0.020 TRAP 19.0 1. 0 
KK CM30 COMBINE 
HC 2 
KK RT29B ROUTE 
RK 454 0.01514 0.020 TRAP 60.0 1. 0 
KK CM29 COMBINE 
HC 3 
KK RT25A ROUTE 
RK 2054 0.00150 0. 013 CIRC 4.0 
KK 27 BASIN 
BA0.1247 
LS 0 75.75 0 0 98 0 
UK 946.0 0.03260 0.1451 95.4 
UK 69.0 0.03023 0.050 4.6 
RK 2576 0.03415 0.020 TRAP 98.0 1. 0 
RK 849 0.03415 0.017 TRAP 45.0 1. 0 
KK RT25B ROUTE 
RK 276 0.03415 0.020 TRAP 45.0 1. 0 
KK RT25C ROUTE 
RK 700 0.0015 0. 013 CIRC 4.0 
KK 25 BASIN 
BA0.1204 
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LS 0 86.68 0 0 98 0 
UK1601.5 0.02618 0.1022 98.4 
UK 32.7 0.01609 0.050 1. 6 
RK 2054 0.03048 0.020 TRAP 38.0 1. 0 
KK CM25 COMBINE 
HC 3 
KK RT13A ROUTE 
RK 451 0.0015 0.013 CIRC 4.0 
KK RT13B ROUTE 
RK 903 0.07854 0.025 TRAP 12.0 1. 0 
KK 13 BASIN 
BA0.0719 
LS 0 88.79 0 0 98 0 
UK1430.7 0.03507 0.0918 95.2 
UK 107.7 0.03215 0.050 4.8 
RK 1303 0.07854 0.020 TRAP 38.0 1.0 
KK CM13 COMBINE 
HC 2 
KK 22 BASIN 
BA0.0579 
LS 0 89.00 0 0 98 0 
UK 606.6 0.01750 0.0910 100.0 
RK 2661 0.01770 0.020 TRAP 38.0 1. 0 
KK RT15A ROUTE 
RK 3187 0.02740 0.017 TRAP 45.0 1. 0 
KK 15 BASIN 
BA0.1424 
LS 0 88.84 0 0 98 0 
UK 764.9 0.01761 0.0893 90.7 
UK 161.1 0.01873 0.050 9.3 
RK 4287 0.02740 0.017 TRAP 45.0 1. 0 
KK CM15 COMBINE 
HC 2 
KK RT15B ROUTE 
RK 1100 0.002 0.013 CIRC 3.5 
KK RT18 ROUTE 
RK 199 0.0056 0. 013 CIRC 4.0 
KK 18 BASIN 
BA0.0422 
LS 0 88.89 0 0 98 0 
UK 312.1 0.02155 0.0904 89.0 
UK 64.8 0.01762 0.048 11. 0 
RK3121.2 0.01222 0.092 TRAP 53.0 1. 0 
KK CM18 COMBINE 
HC 2 
KK RT13C ROUTE 
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RK 618 0.0056 0. 013 CIRC 4 . 0 
KK CM13 COMBINE 
HC 2 
KK RT12 ROUTE 
RK 1061 0.00200 0.025 TRAP 10.0 2 . 0 
KK 12 BASIN 
BA0.0379 
LS 0 86.6 0 0 98 0 
UK 925 . 1 0.04928 0 . 0948 96.5 
UK 63.2 0.05285 0.050 3 . 5 
RK 1069 0.13472 0 . 030 TRAP 49.0 2.0 
KK CM12 COMBINE 
HC 2 
KK RTllA ROUTE 
RK 1836 0.0015 0.013 CIRC 4.0 
KK 11 BASIN 
BA0.0753 
LS 0 85.6 0 0 98 0 
UK 578.5 0.03901 0.1019 67.7 
UK 564.8 0.03385 0.050 32.3 
RK 1836 0.02653 0.020 TRAP 38.0 1. 0 
KK 02 BASIN 
BA0.1031 
LS 0 84.45 0 0 98 0 
UK 635.0 0.04359 0 . 0969 68.2 
UK1040.5 0.01122 0.050 31. 8 
RK1715.4 0.04498 0.020 TRAP 30 . 0 1. 0 
KK RTllB ROUTE 
RK 213 0.0020 0. 013 CIRC 1. 5 
KK CMll COMBINE 
HC 3 
KK RTlO ROUTE 
RK 1100 0.0015 0. 013 CIRC 4.5 
KK 10 BASIN 
BA0.0775 
LS 0 88 . 7 0 0 98 0 
UK 1500 0.03314 0.0877 88.9 
UK 464 0.03481 0.049 11.1 
RK 1100 0.03080 0.020 TRAP 53.0 1. 0 
KK CMlO COMBINE 
HC 2 
KK RT07 
RK 218 0.00200 0.030 TRAP 10.0 2.0 
KK 07 BASIN 
BA0.0538 
LS 0 88.1 0 0 98 0 
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UK 561. 0 0 . 05483 0.0910 86 . 3 
UK 202.3 0.03469 0 . 047 13.7 
RK1965.0 0 . 02345 0.020 TRAP 38.0 1. 0 
KK CM07 COMBINE 
HC 2 
KK RTOBA ROUTE 
RK 1358 0.09750 0.030 TRAP 10.0 2.0 
KK 04 BASIN 
BA0 . 0886 
LS 0 88 . 02 0 0 98 0 
UK 670.6 0 . 02153 0 . 0888 99.0 
UK 108 . 3 0.00605 0 . 05 0 1. 0 
RK1327. 4 0.00964 0.020 TRAP 38 . 0 1. 0 
RK 1844 0 . 0004 0 . 020 TRAP 60.0 1. 0 
KK RTOBB 
RK 594 0 . 0035 0.017 TRAP 60.0 1. 0 
KK 08 BASIN 
BA0.0426 
LS 0 88.65 0 0 98 0 
UK 766.4 0.03047 0.0856 98.6 
UK 127.9 0.02291 0 . 050 1. 4 
RK 1328 0.09750 0.020 TRAP 30 . 0 1. 0 
KK CMOS COMBINE 
HC 3 
KKOUTLET ROUTE 
RK 5 0.09750 0 . 020 TRAP 30.0 1. 0 
zz 
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B.1.3 HEC-1 Input File for SPOT 

sp25-100.in 

ID 
ID Scottsdale Basin 9 - 25 Sub-Basin Partition 
ID 
ID SPOT Data - before misclassification 
ID 
ID 100 Year Storm 
ID 
ID 
IT 2 300 
IO 5 
KK 45 BASIN 
BAO . 1303 
PH 0.00 0.00 0.76 1.50 2.55 2.81 2.98 3.30 
LS 0 79.96 0 0 98 0 
UK1384 .1 0.0147 0 .13 03 99.0 
UK 63.7 0.0098 0.050 1. 0 
RK 2509 0.0186 0.020 TRAP 60.0 1. 0 
KK RT47 ROUTE 
RK 1313 0.0035 0.017 TRAP 52.5 1. 0 
KK 47 BASIN 
BA0.1172 
LS 0 82.30 0 0 98 0 
UK1275.8 0.0145 0.1185 100.0 
RK 2561 0.0147 0.020 TRAP 45.0 1. 0 
KK CM47 COMBINE 
HC 2 
KK RT44A ROUTE 
RK1007.0 0.0020 0 . 025 TRAP 3.0 1. 0 
KK RT44B ROUTE 
RK 774.0 0.0020 0.025 TRAP 5.0 1.5 
KK 44 BASIN 
BA0.0703 
LS 0 81.96 0 0 98 0 
UK 1101 0.0196 0.1183 100.0 
RK 1781 0.0566 0.03 TRAP 12.0 1. 0 
KK 42 BASIN 
BA0.0756 
LS 0 82.99 0 0 98 0 
UK 460.1 0.02076 0.1199 100.0 
RK4581.5 0.0185 0.025 TRAP 45.0 1. 0 
KK CM44 COMBINE 
HC 3 
KK RT41 ROUTE 
RK 852 0.002 0.025 TRAP 8.0 2 
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KK 41 BASIN 
BA0.0855 
LS 0 80.44 0 0 98 0 
UK 779.0 0.03217 0.1185 100.0 
RK 3058 0.1128 0.025 TRAP 21. 0 1. 0 
KK CM41 COMBINE 
HC 2 
KK RT34A ROUTE 
RK 1565 0.002 0.025 TRAP 2.0 2.0 
KK 36 BASIN 
BA0.1251 
LS 0 80 . 83 0 0 98 0 
UK1316.3 0.01438 0.1206 98.6 
UK 25.2 0.02756 0.050 1. 4 
RK 2600 0.02110 0.018 TRAP 49.0 1. 0 
KK RT35 ROUTE 
RK1311. 0 0.02093 0.017 TRAP 93.8 1. 0 
KK 35 BASIN 
BA0.0721 
LS 0 79.06 0 0 98 0 
UK1476.5 0.02212 0.1317 97.6 
UK 56.7 0.02801 0.050 2.4 
RK 1311 0.02093 0.017 TRAP 93.8 1. 0 
KK CM35 COMBINE 
HC 2 
KK RT34B ROUTE 
RK 1167 0.0035 0.017 TRAP 97.5 1. 0 
KK 34 BASIN 
BA0.2693 
LS 0 72.14 0 0 98 0 
UK4533.4 0.03335 0.1562 95.5 
UK 263.8 0.01663 0.050 4.5 
RK 1565 0.0261 0.025 TRAP 20.0 1. 0 
KK CM34 COMBINE 
HC 3 
KK RT33 
RK 1241 0.0015 0. 013 CIRC 4.0 
KK 33 BASIN 
BA0.1032 
LS 0 81. 60 0 0 98 0 
UK2318.3 0.02330 0.1188 100.0 
RK 1241 0.0212 0.020 TRAP 38.0 
KK CM33 COMBINE 
HC 2 
KK RT29A ROUTE 
RK 1344 0.0015 0. 013 CIRC 4.0 
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KK 29 BASIN 
BA0.1812 
LS 0 82 . 56 0 0 98 0 
UK3738.6 0 . 02447 0.1181 100.0 
RK 1344 0.03375 0.020 TRAP 38 . 0 1. 0 
KK 23 BASIN 
BA0.0567 
LS 0 83.47 0 0 98 0 
UK 639 . 7 0.01751 0.1118 100.0 
RK 2471 0.02552 0.020 TRAP 23.0 1. 0 
KK RT30 ROUTE 
RK 1280 0.01564 0 . 020 TRAP 60 . 0 1. 0 
KK 30 BASIN 
BA0.0500 
LS 0 79.26 0 0 98 0 
UK 559.9 0.01975 0 . 1312 98.7 
UK 74.6 0.01803 0.050 1. 3 
RK 1280 0 . 01564 0.020 TRAP 60 . 0 1. 0 
RK 917 0.01564 0.020 TRAP 19.0 1. 0 
KK CM30 COMBINE 
HC 2 
KK RT29B ROUTE 
RK 454 0.01514 0.020 TRAP 60.0 1. 0 
KK CM29 COMBINE 
HC 3 
KK RT25A ROUTE 
RK 2054 0 . 00150 0. 013 CIRC 4 . 0 
KK 27 BASIN 
BA0.1247 
LS 0 74 . 0 0 0 98 0 
UK1015.l 0.03244 0.1447 100.0 
RK 2576 0.03415 0.020 TRAP 98 . 0 1. 0 
RK 849 0.03415 0.017 TRAP 45.0 1. 0 
KK RT25B ROUTE 
RK 276 0.03415 0.020 TRAP 45.0 1. 0 
KK RT25C ROUTE 
RK 700 0 . 0015 0. 013 CIRC 4.0 
KK 25 BASIN 
BA0.1204 
LS 0 83.2 0 0 98 0 
UK1611.3 0.02603 0.1165 100.0 
RK 2054 0.03048 0.020 TRAP 38 . 0 1. 0 
KK CM25 COMBINE 
HC 3 
KK RT13A ROUTE 
RK 451 0.0015 0 . 013 CIRC 4.0 
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KK RT13B ROUTE 
RK 903 0.07854 0.025 TRAP 12 . 0 1. 0 
KK 13 BASIN 
BA0.0719 
LS 0 78.35 0 0 98 0 
UK1475.3 0.03505 0.1396 96.7 
UK 63.1 0.03046 0 . 050 3 . 3 
RK 1303 0.07854 0.020 TRAP 38.0 1. 0 
KK CM13 COMBINE 
HC 2 
KK 22 BASIN 
BA0.0579 
LS 0 83 . 15 0 0 98 0 
UK 606 . 6 0 . 01753 0 . 1135 100 . 0 
RK 2661 0.01770 0.020 TRAP 38.0 1. 0 
KK RT15A ROUTE 
RK 3187 0.02740 0.017 TRAP 45.0 1. 0 
KK 15 BASIN 
BA0.1424 
LS 0 81 . 51 0 0 98 0 
UK 818.1 0 . 01762 0.1207 93.8 
UK 107.7 0.01901 0.050 6 . 2 
RK 4287 0.02740 0 . 017 TRAP 45.0 1. 0 
KK CM15 COMBINE 
HC 2 
KK RT15B ROUTE 
RK 1100 0.002 0. 013 CIRC 3.5 
KK RT18 ROUTE 
RK 199 0.0056 0.013 CIRC 4.0 
KK 18 BASIN 
BA0.0422 
LS 0 81.88 0 0 98 0 
UK 329.2 0.02177 0.1207 92 . 0 
UK 47.4 0.01465 0.050 8 . 0 
RK3121.2 0.01222 0 . 092 TRAP 53.0 1. 0 
KK CM18 COMBINE 
HC 2 
KK RT13C ROUTE 
RK 618 0.0056 0 . 013 CIRC 4 . 0 
KK CM13 COMBINE 
HC 2 
KK RT12 ROUTE 
RK 1061 0.00200 0.025 TRAP 10 . 0 2.0 
KK 12 BASIN 
BA0.0379 
LS 0 78.7 0 0 98 0 
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UK 924.1 0.05095 0.1234 98.8 
UK 64.2 0.02850 0.050 1. 2 
RK 1069 0.13472 0.030 TRAP 49 . 0 2.0 
KK CM12 COMBINE 
HC 2 
KK RTllA ROUTE 
RK 1836 0.0015 0.013 CIRC 4.0 
KK 11 BASIN 
BA0.0753 
LS 0 74.9 0 0 98 0 
UK1001.6 0.03749 0 . 1553 93.1 
UK 141.8 0 . 05095 0 . 050 6.9 
RK 1836 0.02653 0.020 TRAP 38.0 1. 0 
KK 02 BASIN 
BA0.1031 
LS 0 81.28 0 0 98 0 
UK 789.4 0.03895 0.1079 74 . 6 
UK 886.6 0.00999 0.050 25.4 
RK1715.4 0.04498 0.020 TRAP 30 . 0 1. 0 
KK RTllB ROUTE 
RK 213 0.0020 0. 013 CIRC 1. 5 
KK CMll COMBINE 
HC 3 
KK RTlO ROUTE 
RK 1100 0.0015 0.013 CIRC 4.5 
KK 10 BASIN 
BA0.0775 
LS 0 80.62 0 0 98 0 
UK 1797 0.03514 0.1179 97.8 
UK 167 0.01604 0.050 2.2 
RK 1100 0.03080 0.020 TRAP 53.0 1. 0 
KK CMlO COMBINE 
HC 2 
KK RT07 
RK 218 0.00200 0.030 TRAP 10.0 2.0 
KK 07 BASIN 
BA0.0538 
LS 0 81.86 0 0 98 0 
UK 746.9 0.04807 0.1169 99.0 
UK 16.3 0.04000 0.050 1. 0 
RK1965.0 0.02345 0.020 TRAP 38.0 1. 0 
KK CM07 COMBINE 
HC 2 
KK RT08A ROUTE 
RK 1358 0.09750 0.030 TRAP 10.0 2.0 
KK 04 BASIN 
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sp25-100.in - continued 

BA0 . 0886 
LS 0 82 . 30 0 0 98 0 
UK 665 . 1 0 . 01971 0.1088 98.8 
UK 113.7 0 . 00727 0 . 05 0 1. 2 
RK1327. 4 0.00964 0.020 TRAP 38.0 1. 0 
RK 1844 0.0004 0 . 020 TRAP 60.0 1. 0 
KK RT08B 
RK 594 0.0035 0.017 TRAP 60.0 1. 0 
KK 08 BASIN 
BA0.0426 
LS 0 81.12 0 0 98 0 
UK 818.3 0 . 03514 0.1139 98 . 9 
UK 76.0 0.01241 0 . 050 1.1 
RK 1328 0.09750 0.020 TRAP 30.0 1. 0 
KK CM08 COMBINE 
HC 3 
KKOUTLET ROUTE 
RK 5 0.09750 0.020 TRAP 30.0 1. 0 
zz 
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B.2 Uncertainty Analysis Input Files 

The uncertainty analysis methods were coded such that the input files were the same 

for all four (including Rosenblueth) methods. Two input files are required and are 

referred to as a template file (temp!. 'ext') and a means file (means. 'ext'). Upon execution 

of one of the uncertainty analysis programs, the user is prompted for the name of the 

template file being used. The extension of the template filename is then automatically 

assigned as the extension of the means file and all output files. Therefore it is necessary 

to name the means file with the appropriate extension, so the program can find the correct 

file. The naming convention used throughout this analysis incorporated the case number 

(1 to 4 from Table 5.21 or Table 6.4), the remote sensing image (NS, LS, or SP), and the 

number of subbasins (25). For example the template file for case 1, NSOOl and 25 

subbasins was templ.lns25 and the means file was means. lns25. 

B .2.1 Template File 

The Template file matches the HEC-1 input file in structure, with the variance of a 

parameter located in the field corresponding to the same parameter in the HEC-1 input 

file. The first field of each record in the template file is either 1, if parameters are located 

in that record in the HEC-1 file, 0, if no parameters are in that record, or 9, for the last 

record of the HEC-1 file (ZZ card). Then, if the value in the first field is 1, field 2 is a 

numerical code representing the operation card of the HEC-1 file. Since the uncertainty 

analysis programs were developed specifically for the Scottsdale HEC-1 model and the 

methods used in that model (i.e. curve number, kinematic wave routing) only those cards 
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were incorporated into the programs. The codes for each HEC-1 operation card, located 
in field 2 of the template file, are as follows: 

Operation card in HEC-1 input file 

• BA (Basin Area) 

• PH (Precip - Hypothetical Storm) 

• LS (Losses by SCS curve number) 

• UK #1 - pervious area 
(Kinematic overland flow) 

• UK #2 - impervious area 
(Kinematic overland flow) 

• RK - (Kinematic channel flow) 

Template file code 

10 

20 

30 

41 

42 

50 

Field 3 in the template file is the number of parameters on that card of the HEC-1 
input file. Fields 4 through 9 (depending on the number of parameters) are the value of 
the parameter variance or 0 , if that parameter is not being analyzed. The template file for 
NSOO 1, case 1 is included below. Note that the first line of the template file identifies its 
corresponding HEC-1 input file it. 

temp I .1 ns25 

ns25-100.in * the filename of the file to be modified 0 0 0 
0 0 0 
0 0 0 
0 0 0 
0 0 0 
0 0 0 
0 0 0 
0 0 0 
0 0 0 
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templ.1 ns25 - continued 

0 0 0 
0 0 0 * BASIN 45 
1 10 1 0 
1 20 8 0 0 0 0 0 0 0 0 
1 30 6 0 126.37 0 0 0 0 1 41 4 0 0 0 . 003970 0 1 42 4 0 0 0 0 1 50 5 0 0 0 0 0 0 0 0 * ROUTE TO 47 
1 50 5 0 0 0 0 0 0 0 0 * BASIN 47 
1 10 1 0 
1 30 6 0 127 . 06 0 0 0 0 1 41 4 0 0 0 . 003960 0 1 42 4 0 0 0 0 1 50 5 0 0 0 0 0 0 0 0 * COMBINE 2 
0 0 0 
0 0 0 * ROUTE TO 44A 
1 50 5 0 0 0 0 0 0 0 0 * ROUTE TO 44B 
1 50 5 0 0 0 0 0 0 0 0 * BASIN 44 
1 10 1 0 
1 30 6 0 129.57 0 0 0 0 1 41 4 0 0 0.004010 0 1 42 4 0 0 0 0 1 50 5 0 0 0 0 0 0 0 0 * BASIN 42 

1 10 1 0 
1 30 6 0 133. 02 0 0 0 0 1 41 4 0 0 0.004050 0 1 42 4 0 0 0 0 1 50 5 0 0 0 0 0 0 0 0 * COMBINE 3 
0 0 0 
0 0 0 * ROUTE TO 41 
1 50 5 0 0 0 0 0 0 0 0 * BASIN 41 
1 10 1 0 
1 30 6 0 133. 57 0 0 0 0 1 41 4 0 0 0.003980 0 1 42 4 0 0 0 0 1 50 5 0 0 0 0 0 0 0 0 * COMBINE 2 
0 0 0 
0 0 0 * ROUTE TO 34A 
1 5.0 5 0 0 0 0 0 0 0 0 * BASIN 36 
1 10 1 0 
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templ.1 ns25 - continued 

1 30 6 0 125.98 0 0 0 0 
1 41 4 0 0 0 . 003730 0 1 42 4 0 0 0 0 1 50 5 0 0 0 0 0 0 0 0 * ROUTE TO 35 1 50 5 0 0 0 0 0 0 0 0 * BASIN 35 

1 10 1 0 
1 30 6 0 128.85 0 0 0 0 
1 41 4 0 0 0.003980 0 1 42 4 0 0 0 0 1 50 5 0 0 0 0 0 0 0 0 * COMBINE 2 
0 0 0 
0 0 0 * ROUTE TO 34B 1 50 5 0 0 0 0 0 0 0 0 * BASIN 34 
1 10 1 0 
1 30 6 0 123.76 0 0 0 0 
1 41 4 0 0 0 . 002660 0 1 42 4 0 0 0 0 1 50 5 0 0 0 0 0 0 0 0 * COMBINE 3 
0 0 0 
0 0 0 * ROUTE TO 33 1 50 5 0 0 0 0 0 0 0 0 * BASIN 33 
1 10 1 0 
1 30 6 0 149.39 0 0 0 0 
1 41 4 0 0 0.003990 0 1 42 4 0 0 0 0 1 50 5 0 0 0 0 0 0 0 0 * COMBINE 2 0 0 0 

0 0 0 * ROUTE TO 29A 1 50 5 0 0 0 0 0 0 0 0 * BASIN 29 
1 10 1 0 
1 30 6 0 140.01 0 0 0 0 
1 41 4 0 0 0.004040 0 1 42 4 0 0 0 0 1 50 5 0 0 0 0 0 0 0 0 * BASIN 23 1 10 1 0 

1 30 6 0 128.47 0 0 0 0 
1 41 4 0 0 0.003980 0 1 42 4 0 0 0 0 1 50 5 0 0 0 0 0 0 0 0 * ROUTE TO 30 1 50 5 0 0 0 0 0 0 0 0 * BASIN 30 
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templ.1 ns25 - continued 

1 10 1 0 
1 30 6 0 126.14 0 0 0 0 

1 41 4 0 0 0.003960 0 
1 42 4 0 0 0 0 
1 50 5 0 0 0 0 0 
1 50 5 0 0 0 0 0 
0 0 0 * COMBINE 2 
0 0 0 
0 0 0 * ROUTE TO 29B 
1 50 5 0 0 0 0 0 
0 0 0 * COMBINE 3 
0 0 0 
0 0 0 * ROUTE TO 25A 
1 50 5 0 0 0 0 0 
0 0 0 * BASIN 27 
1 10 1 0 
1 30 6 0 126 . 87 0 0 0 0 
1 41 4 0 0 0 . 002780 0 
1 42 4 0 0 0 0 
1 50 5 0 0 0 0 0 
1 50 5 0 0 0 0 0 
0 0 0 * ROUTE TO 25B 
1 50 5 0 0 0 0 0 
0 0 0 * ROUTE TO 25C 
1 50 5 0 0 0 0 0 
0 0 0 * BASIN 25 
1 10 1 0 
1 30 6 0 125 . 59 0 0 0 0 
1 41 4 0 0 0.003950 0 
1 42 4 0 0 0 0 
1 50 5 0 0 0 0 0 
0 0 0 * COMBINE 3 
0 0 0 
0 0 0 * ROUTE TO 13A 
1 50 5 0 0 0 0 0 
0 0 0 * ROUTE TO 13B 
1 50 5 0 0 0 0 0 
0 0 0 * BASIN 13 
1 10 1 0 
1 30 6 0 133 . 16 0 0 0 0 
1 41 4 0 0 0.004050 0 
1 42 4 0 0 0 0 
1 50 5 0 0 0 0 0 
0 0 0 * COMBINE 2 
0 0 0 
0 0 0 * BASIN 22 
1 10 1 0 
1 30 6 0 128 . 04 0 0 0 0 
1 41 4 0 0 0 . 003970 0 
1 42 4 0 0 0 0 
1 50 5 0 0 0 0 0 
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templ. l ns25 - continued 

0 0 0 * ROUTE TO 15A 1 50 5 0 0 0 0 0 
0 0 0 * BASIN 15 1 10 1 0 1 30 6 0 127.02 0 0 0 0 
1 41 4 0 0 0.003940 0 1 42 4 0 0 0 0 1 50 5 0 0 0 0 0 
0 0 0 * COMBINE 2 0 0 0 
0 0 0 * ROUTE TO 15B 1 50 5 0 0 0 0 0 
0 0 0 * ROUTE TO 18 1 50 5 0 0 0 0 0 
0 0 0 * BASIN 18 1 10 1 0 
1 30 6 0 128 . 39 0 0 0 0 
1 41 4 0 0 0.003990 0 1 42 4 0 0 0 0 1 50 5 0 0 0 0 0 
0 0 0 * COMBINE 2 0 0 0 
0 0 0 * ROUTE TO 13C 1 50 5 0 0 0 0 0 
0 0 0 * COMBINE 2 0 0 0 
0 0 0 * ROUTE TO 12 1 50 5 0 0 0 0 0 
0 0 0 * BASIN 12 1 10 1 0 1 30 6 0 120.05 0 0 0 0 
1 41 4 0 0 0.003400 0 1 42 4 0 0 0 0 1 50 5 0 0 0 0 0 
0 0 0 * COMBINE 2 0 0 0 
0 0 0 * ROUTE TO llA 1 50 5 0 0 0 0 0 
0 0 0 * BASIN 11 1 10 1 0 1 30 6 0 133.35 0 0 0 0 
1 41 4 0 0 0.004040 0 1 42 4 0 0 0 0 1 50 5 0 0 0 0 0 
0 0 0 * BASIN 2 1 10 1 0 1 30 6 0 128.85 0 0 0 0 
1 41 4 0 0 0.003750 0 1 42 4 0 0 0 0 1 50 5 0 0 0 0 0 
0 0 0 * ROUTE TO llB 
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tempi. I ns25 - continued 

1 50 5 0 0 0 0 0 
0 0 0 * COMBINE 3 
0 0 0 
0 0 0 * ROUTE TO 10 
1 50 5 0 0 0 0 0 
0 0 0 * BASIN 10 
1 10 1 0 
1 30 6 0 128.33 0 0 0 0 
1 41 4 0 0 0.003980 0 
1 42 4 0 0 0 0 
1 50 5 0 0 0 0 0 
0 0 0 * COMBINE 2 
0 0 0 
0 0 0 * ROUTE TO 07 
1 50 5 0 0 0 0 0 
0 0 0 * BASIN 07 
1 10 1 0 
1 30 6 0 134.08 0 0 0 0 
1 41 4 0 0 0 . 003950 0 
1 42 4 0 0 0 0 
1 50 5 0 0 0 0 0 
0 0 0 * COMBINE 2 
0 0 0 
0 0 0 * ROUTE TO OBA 
1 50 5 0 0 0 0 0 
0 0 0 * BASIN 04 
1 10 1 0 
1 30 6 0 128.18 0 0 0 0 
1 41 4 0 0 0.003500 0 
1 42 4 0 0 0 0 
1 50 5 0 0 0 0 0 
1 50 5 0 0 0 0 0 
0 0 0 * ROUTE TO 08B 
1 50 5 0 0 0 0 0 
0 0 0 * BASIN 08 
1 10 1 0 
1 30 6 0 129 . 47 0 0 0 0 
1 41 4 0 0 0.003710 0 
1 42 4 0 0 0 0 
1 50 5 0 0 0 0 0 
0 0 0 * COMBINE 3 
0 0 0 
0 0 0 * ROUTE TO OUTLET 
0 0 0 
9 0 0 * ZZ CARD 
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B.2.2 Means File 

The means file includes the mean value, maximum value and minimum value of each parameter that is being considered uncertain. The first record is the total number of uncertain parameters. Then, each record, or line, corresponds to one uncertain parameter, in the order that they are encountered in the HEC-1 input file and template file. The first field is the parameter mean, the second field is the minimum and the last field is the maximum. The means file for NSOO 1, case 1 is included below. 

means.lns25 

50 
78.02 10.00 98 . 00 0.1443 00.00 0.50 78 . 70 10.00 98.00 0.1395 00.00 0 . 50 78.52 10 . 00 98.00 0 . 1415 00.00 0.50 79.01 10.00 98 . 00 0.1415 00.00 0.50 80 . 16 10.00 98.00 0 . 1317 00.00 0.50 80.70 10.00 98.00 0 . 1260 00.00 0 . 50 79.03 10.00 98.00 0 .1377 00.00 0.50 68.71 10.00 98 . 00 0.1818 00.00 0.50 75.77 10.00 98.00 0 . 1532 00 . 00 0 . 50 77 . 48 10.00 98.00 0.1460 00.00 0.50 78.89 10 . 00 98.00 0.1386 00.00 0.50 78.38 10.00 98.00 0.1415 00.00 0.50 69.07 10 . 00 98.00 0.1808 00.00 0.50 77.79 10.00 98.00 0.1458 00 . 00 0.50 
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means. lns25 - continued 

78.94 10.00 98.00 0 . 1396 00 . 00 0.50 78.85 10 . 00 98 . 00 0.1387 00.00 0.50 79.09 10 . 00 98 . 00 0.1367 00 . 00 0 . 50 78.54 10.00 98.00 0.1410 00 . 00 0 . 50 81.71 10 . 00 98.00 0.1184 00.00 0 . 50 79.25 10 . 00 98.00 0 . 1376 00.00 0.50 81 . 15 10 . 00 98.00 0.1243 00.00 0.50 78.69 10.00 98.00 0.1399 00.00 0 .50 80.63 10.00 9 8 .00 0.1290 00 . 00 0.50 82.41 10.00 98 . 00 0.1169 00 . 00 0.50 81.61 10.00 98.00 0.1220 00 . 00 0 . 50 
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B.3 Uncertainty Analysis Output Files 
For each uncertainty analysis method, several different output files were created depending on the type of output produced by the method and the type of analysis desired (i.e. histogram of MCS output). Some of the output files from MCS, FOSM and Harr are included here for NSOO 1, case 1. For files other than the output summaries, only portions of the complete file are included due to their size. 

B.3.1 MCS Output 

sum. lns25 (MCS) 

INPUT FILE TO BE ANALYZED: ns25-100.in UNCERTAINTY ANALYSIS METHOD: MONTE CARLO SUMMARY OF RESULTS 

QP MEAN 
QP VARIANCE 
QP STD DEV 

3658.099 
37756.621 

194.311 

TP MEAN = 
TP VARIANCE 
TP STD DEV = 

SEEDl 7787 SEED2 = 30398 TOTAL# OF REALIZATIONS 4000 TOTAL# OF VARIABLES 50 

196.182 
0.366 
0.605 



out.lns25 (MCS- partial) 

INPUT FILE TO BE ANALYZED: ns25-100.in 
UNCERTAINTY ANALYSIS METHOD: MONTE CARLO 
LIST OF ALL OUTPUT 

SEEDl = 7787 

REALIZATION# 

1 
2 
3 
4 
5 
6 
7 
8 
9 

10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 

SEED2 = 30398 

QPEAK 

2833.973 
3440.359 
3290.317 
3586.628 
3659.311 
3499.982 
3761.442 
3853.944 
3513.694 
3633.569 
3138.027 
3843.228 
3939.439 
3589.443 
3827.172 
3373.309 
3694.388 
3402.528 
3718.353 
3579.308 
3974.060 
3971.040 
3649.789 
3852.147 
3531.787 
3853.094 
3695.321 
3620.031 
3565.916 
3371.721 

TPEAK 

202.000 
196.000 
196.000 
196.000 
196.000 
196.000 
196.000 
196.000 
196.000 
196.000 
196.000 
196.000 
196.000 
196.000 
196.000 
196.000 
196.000 
196.000 
196.000 
196.000 
196.000 
196.000 
198.000 
196.000 
196.000 
196.000 
198.000 
196.000 
196.000 
196.000 

178 
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data. lns25 (MCS - partial) 

Qpeak Qpeak 
Reali- Running Running 
zation# Opeak Tpeak Mean Std Dev 

1 2833.973 202.000 2833.973 0.000 
2 3440.359 196.000 3137 .166 428.780 
3 3290.317 196.000 3188.217 315.823 
4 3586.628 196.000 3287.819 325.852 
5 3659.311 196.000 3362.118 327.469 
6 3499.982 196.000 3385.095 298.255 
7 3761. 442 196.000 3438.859 307.187 
8 3853.944 196.000 3490.744 320.032 
9 3513. 694 196.000 3493.294 299.460 

10 3633.569 196.000 3507.322 285.797 
11 3138. 027 196.000 3473.750 293.104 
12 3843.228 196.000 3504.539 299.126 
13 3939.439 196.000 3537.993 310.755 
14 3589.443 196.000 3541.668 298.881 
15 3827.172 196.000 3560.702 297.293 
16 3373.309 196.000 3548.990 291.008 
17 3694.388 196.000 3557.542 283.965 
18 3402.528 196.000 3548.930 277.899 
19 3718.353 196.000 3557.847 272.852 
20 3579.308 196.000 3558.920 265.618 
21 3974.060 196.000 3578.689 274.285 
22 3971.040 196.000 3596.523 280.440 
23 3649.789 198.000 3598.839 274.218 
24 3852.147 196.000 3609.394 273.129 
25 3531.787 196.000 3606.289 267.829 
26 3853.094 196.000 3615.782 266.844 
27 3695.321 198.000 3618.728 262.109 
28 3620.031 196.000 3618.774 257.210 
29 3565.916 196.000 3616.951 252.766 
30 3371.721 196.000 3608.777 252.373 



B.3.2 FOSM Output 

sum.lns25 (FOSM) 

SUMMARY OF RESULTS 
SCOTTSDALE FILE BEING ANALYZED: ns25-100.in UNCERTAINTY ANALYSIS METHOD: FIRST ORDER SECOND MOMENT 

MEANS: Qp_mean 3392.40 cfs Tp_mean 196.00 min 

Parameters# 

1 
2 
3 
4 

5 
6 
7 
8 
9 

10 
11 

Var(Qp) 
---------

25657.5957 
0.0000 
0.0000 
0.9229 
0.0000 
0.0000 
0.0000 
0.0000 
0.0000 
0.0000 
0.0000 

SD(Qp) 
--------

160.1799 
0.0000 
0.0000 
0.9607 
0.0000 
0.0000 
0.0000 
0.0000 
0.0000 
0.0000 
0.0000 

VARIANCE: Total Qp_var STD DEV: Total Qp_std 
25658.520 cfs 

160.183 cfs 

Var(Tp) 

208.1824 
0.0000 
0.0000 
0.0000 
0.0000 
0.0000 
0.0000 
0.0000 
0.0000 
0 . 0000 
0.0000 

Total Tp_var 
Total Tp_std 

SD(Tp) 
--------

14.4285 
0.0000 
0.0000 
0.0000 
0.0000 
0.0000 
0.0000 
0.0000 
0.0000 
0.0000 
0.0000 

208 . 182 
14.429 

180 

min 
min * * Total Standard Deviations are the SQRT of the Total Variances (not 

the of the individual parameter standard deviations) 

where, parameter #1 = curve number and parameter #2 = Manning's roughness 
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out.1 ns25 (FOSM - partial) 

TABLE OF OUTPUT FROM EACH RUN SCOTTSDALE FILE BEING ANALYZED: ns25-100 . in UNCERTAINTY ANALYSIS METHOD: FIRST ORDER SECOND MOMENT 

MEANS: Qp_mean 3392.396 cfs Tp_mean 196.000 min 
p 0 % Qpeak dQ/dP Ave Tpeak dT/dP Ave ------- ------- ------- ------- ------- -------1 1 -1 3392.8179 0.5415 0.0000 196.0000 0.0000 0.0000 
1 1 1 3393.1401 0.9547 0.7481 196.0000 0.0000 0.0000 
1 2 -1 3391.2866 1. 4090 0.0000 196.0000 0.0000 0.0000 
1 2 1 3394.0652 2.1216 1.7653 196.0000 0.0000 0.0000 
1 3 -1 3391.9329 0.5894 0.0000 196.0000 0.0000 0.0000 
1 3 1 3395.8042 4.3423 2.4658 196.0000 0.0000 0.0000 
1 4 -1 3391.4319 1.2198 0.0000 196.0000 0.0000 0.0000 
1 4 1 3395.3132 3.6933 2.4565 196.0000 0.0000 0.0000 
1 5 -1 3388.2749 5.1443 0.0000 198.0000 2.4969 0.0000 
1 5 1 3398.0605 7. 0725 6.1084 196.0000 0.0000 1.2484 
1 6 -1 3392. 0713 0.4023 0.0000 196. 0000 0.0000 0.0000 
1 6 1 3393.7500 1.6805 1.0414 196.0000 0.0000 0.0000 
1 7 -1 3391.1057 1.6327 0.0000 196.0000 0.0000 0.0000 
1 7 1 3394.4624 2.6163 2.1245 196.0000 0.0000 0.0000 
1 8 -1 3391.6934 1.0221 0.0000 196.0000 0.0000 0.0000 
1 8 1 3393.2039 1.1766 1.0993 196.0000 0.0000 0.0000 
1 9 -1 3393.2297 1.1006 0.0000 196.0000 0.0000 0.0000 
1 9 1 3395.1599 3.6470 2.3738 196.0000 0.0000 0.0000 
1 10 -1 3390.7209 2.1607 0.0000 196.0000 0.0000 0.0000 
1 10 1 3390.4778 2.4745 2.3176 196.0000 0.0000 0.0000 
1 11 -1 3391.3242 1.3578 0.0000 196.0000 0.0000 0.0000 
1 11 1 3396.8372 5.6295 3.4936 196.0000 0.0000 0.0000 
1 12 -1 3391.2861 1.4150 0.0000 196.0000 0.0000 0.0000 
1 12 1 3395.6748 4.1828 2.7989 196.0000 0.0000 0.0000 
1 13 -1 3391.3223 1.5532 0.0000 196.0000 0.0000 0.0000 
1 13 1 3393. 9138 2.1973 1.8752 196.0000 0.0000 0.0000 
1 14 -1 3390.8699 1.9610 0.0000 196.0000 0.0000 0.0000 
1 14 1 3395.3953 3.8557 2.9083 196.0000 0.0000 0.0000 
1 15 -1 3390.9460 1.8371 0.0000 196.0000 0.0000 0.0000 
1 15 1 3395.4915 3.9239 2.8805 196.0000 0.0000 0.0000 
1 16 -1 3391.5908 1.0212 0.0000 196.0000 0.0000 0.0000 
1 16 1 3395.2356 3.6042 2.3127 196.0000 0.0000 0.0000 
1 17 -1 3389.3936 3.7951 0.0000 196.0000 0.0000 0.0000 
1 17 1 3397.9836 7.0646 5.4299 196.0000 0.0000 0.0000 
1 18 -1 3392.7683 0.4755 0.0000 196.0000 0.0000 0.0000 
1 18 1 3393.6990 1.6626 1.0690 196.0000 0.0000 0.0000 
1 19 -1 3393.2791 1.0815 0.0000 196. 0000 0.0000 0.0000 
1 19 1 3393.0471 0.7976 0.9395 196.0000 0.0000 0.0000 
1 20 -1 3390.3523 2.5766 0.0000 196. 0000 0.0000 0.0000 
1 20 1 3395.3347 3.7064 3.1415 196.0000 0.0000 0.0000 where, P = parameter 0 = occurrence % =+or - 1 % 



B.3.3 Harr Output 

hsum. lns25 (Harr) 

HARR METHOD 
FILE: ns25-100 . in 

Qpeak Mean 3405 . 686 
Qpeak Variance 3248.000 
Qpeak Stdrd Dev 56.991 

Tpeak Mea n 196.221 
Tpeak Variance = 0 . 391 
Tpeak Stdrd Dev = 0.625 

hout. lns25 (Harr - partial) 

FILENAME= ns25-100.in 
HARRS METHOD OUTPUT 

+ or - pararn # 

-1 
1 

-1 
1 

-1 
1 

-1 
1 

-1 
1 

-1 
1 

-1 
1 

1 
1 

2 
2 

3 
3 

4 
4 

5 
5 

6 
6 

7 
7 

3390 . 037 
3493.360 

3394.043 
3390.304 

3384.196 
3506.497 

3394.000 
3386.535 

3378 . 926 
3488.283 

3394.077 
3381.784 

3368.920 
3510 . 905 

11492352.000 
12203565 . 000 

11519528.000 
11494163. 000 

11452780.000 
12295522.000 

11519238.000 
11468617 . 000 

11417141. 000 
12168116.000 

11519760.000 
11436461. 000 

11349625. 000 
12326454.000 

182 
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