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ABSTRACT 

Airborne multispectral video was evaluated as a tool for 

obtaining urban land cover information for hydrological 

simulations. Land cover data was obtained for a small urban 

watershed in Tucson, Arizona using four methods: multispectral 

aerial video (2 meter and 4 meter pixel resolution), National High 

Altitude Photography (NHAP), multispectral satellite imagery from 

Systeme Pour I'Observation de la Terre (SPOT), and by 

conventional survey. A semi-automated land cover classification 

produced four classes: vegetation, buildings, pavement, and bare 

soil. The land cover data from each classification was used as 

input to a runoff simulation model. Runoff values generate by 

each simulation were compared to observed runoff. A chi-square 

goodness-of-fit test indicated that SPOT produced landcover data 

most similar to the conventional classification. In the curve 

number model, the SPOT data produced simulated runoff values 

most similar to observed runoff. 



9  

INTRODUCTION 

Land cover data is important to urban surface hydrology 

simulation models. Surface imperviousness is an important 

parameter for estimating the timing and amount of runoff in an 

urban area. Surface imperviousness is directly related to the type 

of land cover. Three methods currently exist for gathering land 

cover data, ground survey, manual interpretation of aerial 

photography and computer aided classification of multispectral 

satellite imagery. Each of these methods can be used alone or in 

combination. 

Ground surveys are very expensive, time consuming and can 

often provide out of date information before they are completed. 

Manually interpreted aerial photographs have the same problems 

as ground surveys though to a lesser degree. Multispectral 

satellite imagery minimizes the problems presented by ground 

survey and aerial photography methods and has the added 

advantage of permitting the use of computer image processing and 

classification, but it introduces some new problems. The use of 

satellite imagery is generally considered the least accurate method. 

The main problem with satellite data is with it's spatial resolution. 

The pixel size of imagery from the Landsat and Systeme Pour 

VObservation de la Terre (SPOT) satellites is too large to accurately 

determine land cover characteristics for small watersheds 

(Jackson, et al. 1977). 
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In recent years, video technology has increasingly been used 

for various remote sensing applications, and there are many 

examples of applications of video to collect data for land cover 

parameters (Kliman, 1988; Beck, et al. 1988; King and Vleck, 1988; 

Everitt, 1988b; Marsh, et al. 1990; Escobar, 1988; Nixon, et al. 

1985; Myhre, et al. 1990). Currently, the applications for 

videography are quite diverse, and it is clear that video has great 

potential for classifying and mapping land cover. Though video 

has found considerable use in mapping land cover in general, to 

date, video has not been used to specifically map urban land cover 

for surface hydrology investigations. 

The study presented here analyzes and evaluates 

multispectral aerial video for obtaining urban land cover data for 

surface hydrology investigations. 

Goals and Objectives 

The main goal of this study is to contribute to the body of 

knowledge on techniques for gathering urban land cover data for 

surface hydrology investigations. This will be done by evaluating 

airborne multispectral video, NHAP, and SPOT satellite data as 

tools for obtaining urban surface cover information. Three 

objectives have been established to accomplish this goal: 
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1.) Obtain, process and classify aerial multispectral video, aerial 

photography, and multispectral satellite imagery for an urban 

watershed. 

2.) Perform an error analysis of the urban land cover data 

obtained from the automated classifications of each remote sensing 

platforms. This error analysis will provide an indication of the 

types of errors produced by each platform (errors of omission and 

commission). These errors will be evaluated in terms of how they 

may effect hydrologic simulations. 

3.) Use land cover data obtained from each remote sensing data 

collection method and data from a conventional survey as input to 

a hydrologic model. Compare the results of the hydrologic 

simulations to observed runoff data from the urban watershed. 



BACKGROUND AND LITERATURE REVIEW 

Multtspectral Remote Sensing and Urban Hydrology 

Work found in the literature dealing with the use of remote 

sensing techniques for urban hydrologic investigations centers 

mainly on the evaluation of different remote sensing methods for 

use in determining percent imperviousness within specific 

watersheds. In general, different remote sensing techniques are 

compared to the results from the conventional method of 

compiling land cover data manually using aerial photographs. 

Colwell (1970) and Root and Miller (1971) used multispectral 

remote sensing to determine the spectral signatures of land cover 

categories used in urban hydrology (American Society of 

Photogrammetry, 1983). Colwell investigated the potential of 

multispectral scanner imagery to delineate different types of 

urban material such as concrete, gravel, asphalt, a number of 

common roofing materials, and various soil and vegetation types. 

Classified digital imagery was compared to manually classified 

aerial photographs. Root and Miller, using a field spectrometer to 

determine spectroreflectance curves for ten significant urban 

surface materials found in the Denver, Colorado metropolitan area. 

This was done in order to determine optimum wavelength bands 

for urban areas. 

Ragan and Jackson (1975) presented one of the first uses of 

multispectral satellite data to determine land cover parameters for 



urban hydrologic models. The use of satellite data was seen as a 

more efficient alternative to the time intensive, traditional method 

of interpreting land cover from aerial photographs. To evaluate 

the use of satellite data, Ragan and Jackson estimated land cover 

from data collected by the Landsat Multispectral Scanner (MSS) 

(80 meter spatial resolution) for a portion of the Anacostia River 

Basin (342 km2) in Maryland. The results from the classified 

Landsat data were then compared to a similar classification of 

1:4800 scale aerial photographs from an earlier date. 

The interpretation of the 1:4800 scale aerial photographs 

(obtained in 1971 and 1972) was done by overlaying the 

photographs with a transparent mylar grid (610 m2) cells. Land 

cover was then sampled at 100 points within each cell using 10 

possible land cover categories for classification. These sample 

points were then used to determine percent imperviousness for 

each grid cell. These data were then transferred into a digital 

format. It was estimated that this entire process took 

approximately 94 man-days to complete. 

The multispectral Landsat data for the Anacostia River Basin 

were collected on April 9, 1973. The imagery was classified using 

a supervised classification method. Supervised image classification 

involves interactively selecting areas on the image whose land 

cover class is known. The spectral signature of this training site is 

then used to classify other areas of the image that have similar 

spectral signatures. 
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The results of this study showed a general agreement 

between the Landsat classification of land cover and the aerial 

photograph approach. For example, overall watershed 

imperviousness obtained from the Landsat data was 25.1%, while 

the imperviousness obtained from the aerial photographs was 

23.5%. Some of the small difference between the results may be 

accounted for by urbanization occurring in the interim between 

the collection of each data set. After the general similarity of 

results obtained from each method, the most significant result of 

this study is the comparison between the time and effort expended 

using each method. The aerial photograph portion of the study 

required approximately 94 man-days to complete, while less than 

four man-days were needed to process the Landsat data. This 

difference, along with the fact the results of both methods were 

comparable, proves that satellite data is a useful and practical tool 

for obtaining land cover information for urban hydrological 

investigations. 

In 1977, Jackson, et al. presented a case study comparing the 

use of the conventional aerial photograph approach and a Landsat-

based method for estimating land cover parameters for two 

hydrologic models. The models used in the study were the Surface 

Treatment Overflow and Runoff Model (STORM) created by the U.S. 

Army Corps of Engineers, and WREM (WRE Runoff Model) which 

was developed by the Environmental Protection Agency (EPA). 

The area used to test the methods was the Fourmile Run 



Watershed, a dense urban area in Washington D.C. The methods 

used to classify land cover and obtain imperviousness values for 

the watershed were essentially the same as those presented by 

Ragan and Jackson (1975). 

The results of this case study provided several important 

conclusions. It was found that the conventional survey approach 

versus the Landsat-based method for determining land cover 

parameters for hydrologic models similar to STORM and WREM did 

not differ in a significant manner. Also, the Landsat-based 

approach was found to be less expensive than the aerial 

photograph approach. The final, and perhaps most significant 

conclusion of the case study is that the utility of Landsat data 

decreases significantly when it is applied to small sub-basins. As 

part of the study it was necessary to determine land cover for sub-

basins in the watershed. During this process it was found that 

problems with referencing the Landsat image to the sub-basin 

boundaries was responsible for considerable errors in 

imperviousness estimates for many of the smaller sub-basins. It 

was concluded that a basin with a minimum size of 2.6 km2 (1 sq 

mile) was the lower limit for an reliable imperviousness estimate 

from the Landsat based approach. 

Cermak, et al. (1979) describe the application of an 

unsupervised classification procedure to Landsat imagery to 

determine land use classes for the estimation of hydrologic model 

parameters from a watershed in Texas. The Landsat derived land 



use was then compared to land use obtained from the conventional 

method of interpreting low altitude aerial photography. 

The classification of the Landsat data was done using a 

procedure developed for the U.S. Army Corps of Engineers by the 

University of California at Davis (UDC). The basic approach 

consisted of applying an unsupervised clustering algorithm to the 

Landsat image. Once the clusters were determined, six pixels were 

selected from each cluster and their land use class was determined 

by comparing their location with aerial photographs. If the classes 

within a given cluster were inconsistent, the cluster was run 

though another iteration of the algorithm. Once the Landsat data 

was classified it was entered into a digital geographical database. 

Once the data was in a digital format, hydrologic model parameters 

and various other basin characteristics were determined and 

comparisons were made with the conventionally determined land 

use classification. 

Several conclusions were drawn from this study. The most 

significant result is that grid cell level comparisons of land use 

classifications were very poor. These comparisons were in error 

approximately one third of the time. It was stated that these 

errors probably arise from geometric registration problems which 

are difficult if not impossible to overcome. Also, as might be 

expected, a comparison of classes represented as a percent of the 

entire watershed were much more accurate and resulted in 

misclassification errors of 2 to 8 percent for major land cover 



categories. These conclusions are very similar to those presented 

by Jackson, et al. (1977). 

Another use of remote sensing involves the computer 

processing of digitized aerial photographs to develop urban land 

cover parameters for hydrologic models. Draper and Rao (1986) 

estimated percent imperviousness for urban watersheds in 

Connecticut by processing small scale color and color infrared 

aerial photographs (1:1,200,000) covering an area of 110 square 

miles. After determining imperviousness the results were 

compared to conventional methods of land cover determination. 

Two different hardware systems were used to extract land cover 

data from the aerial photographs, the Laser Image Processing 

Scanner (LIPS) and a Video Tape Camera (VTC). 

The LIPS system uses a Helium-Neon laser as a light source 

and a photoelectric cell as a detector. By passing 

phototransparencies between the laser and the detector, it was 

possible to convert the photographs from an analog to a digital 

form. This method was able to produce a grid cell resolution of 6 

by 6 feet, but at that resolution the maximum size of the 

watershed was limited to 3 by 3 miles. The digital images were 

then processed further to determine land cover. 

The VTC system utilized a movable scanner mounted on a 

light table. By scanning transparencies mounted on the light table, 

the analog data was transferred to a digital form. Once the data 
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was digitized, the percent imperviousness was determined. The 

VTC system produced imagery with pixels of over 40 by 40 feet. 

The results of the LIPS and VTC methods were compared to 

the results of the conventional methods and were not found to be 

statistically different. It was concluded that either of the analog to 

digital conversion systems presented an economical alternative to 

conventional methods. 

Finch, et al. (1989) used airborne thematic mapper data to 

estimate land cover in seven small urban watersheds for the 

express purpose of obtaining imperviousness values for hydrologic 

modelling. The land cover information derived from the airborne 

thematic mapper data was then compared to a traditional on-the-

ground survey. 

The airborne thematic mapper (ATM) data was classified 

using two different techniques, thresholding and supervised 

classification. The technique of thresholding consisted of creating a 

normalized difference vegetation index (NDVI) using bands 7 and 

5 of the airborne thematic mapper (ATM). A frequency histogram 

of the digital numbers in the NDVI image was examined and seen 

to indicate a bimodal distribution. The minimum between the two 

modes was chosen as a "threshold". This "threshhold" was used to 

classify the image into two classes: pervious (pixels with digital 

numbers greater than the threshhold) and impervious (pixels with 

values below the threshhold). The supervised classification 

involved selecting "training" areas of identified surface types and 



running a maximum likelihood classification using bands 3, 5, 7, 9 

and 11 from the airborne thematic mapper (ATM). This 

classification attempted to identify three land cover classes: roofs, 

roads, and pervious areas. When compared to the conventional 

classification, the data derived using threshholding had a mean 

difference of 2%, and the supervised classification had a mean 

difference of  8%. 

This study differs from previous work using remote sensing 

in urban hydrology in that an airborne multispectral scanner was 

used instead of obtaining data from a satellite platform. The 

advantage of this is that higher spatial resolution data can be 

obtained (2m by 2m). This higher resolution is essential when the 

target watershed is small (Jackson et al., 1977). 

Airborne Videographv 

Airborne Video is a relatively new and dynamic remote sensing 

technique that has the potential to replace or compliment other 

methods currently used for obtaining land cover data for urban 

hydrology applications. Aerial videography is most analogous to 

aerial photography. It is in applications where aerial photography 

has been traditionally used that video will probably find success. 

Video has several advantages over photography, not the least of 

which is that video is readily available for computer analysis with 

image processing software and geographical information systems. 
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Videography - Background 

Aerial video was first used as a remote sensing tool by 

Robinove and Skibitzke (1967), but widespread interest in video at a 

practical tool did not really occur until the early 1980's . The work of 

many researchers in the 1980's illustrated that videography was a 

viable method for many remote sensing applications. It was through 

the work of these researchers that the scope of aerial videography 

was defined (Everitt, 1988a) 

In the main, video remote sensing has been seen as an 

alternative to aerial photography. Everitt (1988a) and Meisner 

(1986) have both compared video to photography in terms of it's 

advantages and disadvantages. The main advantages of video are 

summarized as follows: 

1.) Aerial video provides "real time" availability of imagery. 
Processing of photographic film can take quite some time and can be 
virtually impossible in remote areas. 

2.) Sensors in video cameras have higher light sensitivity than film 
cameras. This quality allows the capture of specific spectral bands 
and provides a wider range of spectral sensitivities, particularly in 
the infrared. 

3.) Video is immediately available for digital processing and analysis. 

4.) Video equipment is portable easy to use and tolerates variable 
light conditions. 

5.) Operating costs of a video system are much lower than a 
photographic system. 

6.) Video imagery can be viewed in flight. This allows for in-flight 
equipment checks and imagery corrections (exposure, field of view 
etc..). 
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7.) The rate of image capture (30 frames per second) provides data 
duplication that may prove useful. 

Video also has several disadvantages: 

1.) The major disadvantage of video is low spatial resolution. A 
typical video camera has 240 lines across the format field while 35 
mm film has the equivalent of 720 lines. The real limiting factor in 
the resolution of video imagery is the video recorder. However, with 
the advent of solid state sensors (charge-coupling devices - CCD's) 
Video cameras are now available with up to 2048 X 2048 pixel per 
frame. The ability to by-pass the video recorder and to directly 
capture imagery digitally will make video spatial resolutions 
comparable to obtained from photographic systems. 

2.) Hard copies of video imagery presents another problem. Currently 
the only methods available are to take photographs of the screen or 
use an expensive color printer. 

Video Hardware 

A typical aerial video system consists of four components: a 

video camera, a video cassette recorder, a video monitor and a power 

source. Within each of these component areas there is generally a 

wide selection of equipment (Meisner, 1986). 

The basic mechanism of a video camera is that a lens focuses 

light onto the face plate of a video tube or charge-couple device (CCD) 

which is then transformed into an electronic video signal (Meisner, 

1986). The most basic type of video camera is a single video tube 

camera. This camera has a single lens and a single tube or CCD, and, 

unless filters are used, provide black and white images. While this is 
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the most basic design, there are many variations. These consist 

mainly in the number and arrangement of sensors (tubes or CCD's) 

and filters within the camera to produce color or multispectral 

imagery. 

Color video systems have either a single video tube with striped 

RGB (red/green/blue) filter or have three tubes and an optical beam 

separation system that forms a spectral specific image (red green or 

blue) on each tube. These three sensor systems generally produce 

higher resolution imagery than single sensor systems. However, the 

lower resolution single sensor/striped filter systems are generally 

much less expensive and may be appropriate for some applications 

(Meisner, 1986). 

Multispectral Video Equipment 

Multispectral video equipment has been developed specifically 

for aerial applications. There are three basic video configurations for 

collection of multispectral data. 

The most basic approach is to use multiple black and white 

video cameras, each having a specific spectral filter over the lens. 

This system also requires four video recorders whose signals can later 

be combined to a composite color signal (Meisner, 1986). Nixon, et al. 

(1985) give a complete description of the multiband multicamera 

system and favorably evaluates the use of such a system for "real 

time" evaluation of vegetation condition and species identification. 

Nixon, et al. also indicates that such a system can be put together on a 
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fairly small budget ($6000 in 1985). While this system is relatively 

simple and is inexpensive to obtain, it does suffer from bulkiness and 

problems with geometric alignment, particularly at close range. 

Video lens adjustment during flight are also impractical (Meisner, 

1986). 

A second, more complicated multispectral video system uses a 

single camera with a single lens, a single sensor and a rotating filter 

wheel. The rotation of the filter wheel is synchronized with the 

timing of the video scan so that a sequence of separate images for 

each filter spectral band is collected. This configuration avoids the 

problems inherent in the multicamera system (bulkiness, image 

alignment, and in flight lens adjustment). However, it does have 

problems caused by the sequential method used to capture the 

individual spectral images. This can cause spatial and spectral 

misalignment (by aircraft motion) and require correction prior to 

analysis. This kind of system is best used in conjunction with an 

image processing system that would perform the realignments and 

provide the user with image processing and image analysis 

capabilities (Meisner, 1986). 

An example of the use of a filter wheel system is seen in Kliman 

(1988). Kliman used data obtained from a Xybion MSC-02 

multispectral video camera to detect seasonal vegetation changes in 

Arizona. In the study, Kliman emphasizes the similarities between 

the spectral bands captured by the Xybion system and the bands in 
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Landsat's Thematic Mapper system. This quality facilitated analysis 

on the basis of spectral behavior. 

Video Imape Processing and Analysis 

Once video imagery has been acquired the next step is analysis 

and or processing. Analysis may consist of simply inspecting single 

frames with the still frame capabilities on a VCR. Another possibility 

is to capture single frames as digital images with a frame grabber 

installed in a computer. What a frame grabber does is take the video 

signal and convert it to a digital data array. This method has the 

advantage of providing images that can be processed with a computer 

and image processing software. Once an image is in digital form a 

wide variety of image processing software is available such as those 

produced by ERDAS (Atlanta, GA) and Microimages (Lincoln Neb.). 

(Meisner, 1986). 

These software packages provide a wide range of capabilities 

for image processing. Capabilities available generally include contrast 

manipulation, spatial filtering, noise suppression, spatial registration 

and geometric manipulations. They also generally provide methods 

for classification. These classification methods are particularly 

relevant for multispectral imagery. Schowengert (1983) provides a 

detailed discussion of these basic functions. 
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Geographical Information Systems 

An important by-product of capturing video in a digital format 

is that it provides a format that allows the imagery to be entered into 

a geographic information system (GIS). Cowen (1988) offers a 

definition of a GIS: "a GIS is best defined as a decision support 

system involving the integration of spatially referenced data in a 

problem solving environment." This definition emphasizes the 

importance of combining and integrating spatial data with tools such 

as polygon overlay. According to Cowen (1988), a "full featured" GIS 

would "support the entire creation of the database, as well as the 

storage retrieval, analysis, and report generation required to to select 

the appropriate subset of geographical entities." The inclusion of 

database functions allows a GIS to create "new information rather 

than just retrieve previously encoded information" (Cowen, 1988). 

A GIS can offer a further dimension to the analysis of video 

imagery. It allows processed imagery to be integrated with 

traditional map products that have been transferred to a digital 

format. 

The distinction between GIS and image processing software is 

becoming increasingly blurred. Image processing systems are now 

including many functions that are typical of a GIS, and, conversely, 

GIS software now often includes image processing capabilities. The 

fact that this is occurring points to the functional compatability of the 

two types of systems. Both are concerned with the digital processing 

and analysis of spatial data. So, it is inevitable that the two kinds of 
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systems will begin to merge into a single technology (Ehlers et al., 

1989). 

The compatability of GIS and image processing software also 

makes video very appealing as an alternative to aerial photography. 

As was mentioned earlier, because it is easily transferred to digital 

format, video is naturally compatible with GIS and image processing. 

So, data obtained through video will provide a resource manager with 

many more analysis options than traditional photography. 

Hydrologic Simulation 

There are numerous hydrologic simulation models that have 

been used to determine runoff in urban watersheds. Models such 

as STORM (U.S. Army Corps of Engineers, 1977) and HEC-1 (U.S. 

Army Corps of Engineers, 1981) were created primarily for 

planning in relatively large river basins. Other models such as the 

curve number method (Soil Conservation Service, 1986) were 

devised primarily to model hydrologic processes in relatively small 

! watersheds. For this study, the curve number method was chosen 

for hydrologic simulation. There are two reasons for this choice: 

the model is one of the most widely used models in the United 

States specifically designed for small urban watersheds, and two 

previous hydrologic studies have been undertaken in High School 

Wash area that used the curve number method (Lormand, 1988 

and Hu, In press). 



2 7  

The curve number method was developed by the Soil 

Conservation Service (SCS) as a technique for determining direct 

runoff from storm rainfall. This procedure is commonly referred 

to as the curve number method because it is based on vaiiables 

known as "curve numbers" (CN) (Rallison, 1980). The curve 

numbers used in the procedure have been empirically derived by 

the Soil Conservation Service and are empirically related to three 

watershed characteristics - land cover and condition, soil type and 

antecedent moisture conditions (AMC). The SCS runoff equation is 

(Soil Conservation Service, 1986): 

Q = (P - la)2 (1) 
(P + la) + S 

where 

Q = runoff (in) 
P = rainfall (in) 
S = potential maximum retention after 

runoff begins (in) 
la = initial abstraction (in) 

Through numerous field experiments an approximate relationship 

between la and S was found (Soil Conservation Service, 1986): 

la = 0.2S (2) 

By substituting 0.2S for I in the original SCS equation can be 



simplified as (Soil Conservation Service, 1986): 

Q = £P_^_02SI2 

(P + 0.8S) 
( 3 )  

The S parameter is related to hydrologic soil group, land cover 

type and antecedent moisture conditions through the following 

equation (Soil Conservation Service, 1986): 

It should be noted that if P <= 0.2 S, then Q = 0. 

The curve number method is based on certain assumptions 

and is not applicable to certain conditions. Model accuracy 

decreases for historical storms and events where precipitation is 

less than 0.5 inches. The model is based on uniform rainfall 

occurring over a 24 hour period; variations in timing and intensity 

of a rainfall event is not accounted for. Runoff from snow-melt or 

rain on frozen ground is not estimated. The model also does not 

account for conditions where there is significant amount of 

subsurface outflow (Soil Conservation Service, 1986). 

The most significant assumption in the model is that the 

watershed condition parameter 0.2S was developed from 

agricultural watershed conditions, and basically determines initial 

retention of runoff. The heterogeneity of urban watersheds in 

S = (1000/CN) - 10 (4) 

where 

CN= SCS curve number 
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some cases may invalidate this parameter. In an urban watershed, 

various complex combinations of soil, land cover and initial 

moisture conditions can result in either increases or decreased 

initial retention (Soil Conservation Service, 1986). 

Linkage of Remote Sensing and 

GIS to Curve Number based Models 

Several studies have examined the use of remote sensing 

methods to obtain land cover information as input parameters for 

the SCS curve number model (Ragan and Jackson, 1980; Slack and 

Welch, 1980; Sneller, 1985; and Zevenbergen, et al. 1988). 

However, in recent years, there have been efforts to combine 

remote sensing and geographical information systems (GIS) to 

process hydrologically related watershed parameters for the SCS 

curve number model. By combining the spatial information 

processing power of image processing software and GIS, it becomes 

practical to incorporate the hydrologic complexity of watersheds 

into the SCS curve number model. In general, this procedure uses 

remote sensing techniques to determine spatial extent and 

distribution of land cover characteristics. Then, using a GIS, this 

land cover information is combined with soil and precipitation data 

to determine runoff. 

Rango (1985) indicated the possibility and practicality of 

combining digital remote sensing data with soil and precipitation 

data in a GIS in order to develop automated SCS curve number 
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models. According to Rango, the use of remote sensing methods to 

obtain land cover data for the SCS model has had demonstrated 

success. He also indicates the computer compatibility of remote 

sensing data with GIS where the remote sensing data can be 

combined with the other curve number model parameters. 

Musik (1988) developed a GIS based SCS curve number 

model which combined digital maps of soil type and land use to 

predict runoff. While this system did not include remotely sensed 

data, it indicates the potential of digital methods in SCS curve 

number models. 

White (1988) used NASA high altitude aerial photo coverage 

to determine land cover distributions for a large watershed in 

south-central Pennsylvania (421 km2). The land cover data, in a 

digital format was combined with soil characteristics to determine 

curve numbers for a regular-gridded network of the watershed. 

The distributed method of the curve number model was then used 

to calculate runoff volumes for each grid-cell in the watershed. By 

summing the runoff volumes from each grid-cell, total runoff from 

the watershed during a precipitation event was determined. The 

model was run using two antecedent moisture conditions (AMC II 

and AMC III). White found that the use of AMC III produced the 

most accurate results, but that, overall, runoff in the watershed 

was consistently underestimated. The source of this 

underestimation was attributed to the curve numbers determined 

experimentally by the SCS. Stuebe and Johnston (1990) also 
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combined remote sensing and GIS techniques with the curve 

number model. This study compared the technique with 

conventional manual methods. The manual method consisted of 

interpreting aerial photographs to create a series of mylar overlays 

of the parameters used in determining curve numbers (land cover, 

soil type and condition). These overlays were manually combined 

to create a curve number overlay which was then used to calculate 

runoff. The GIS method combined Landsat derived vegetation data 

and a digital land use map to determine land cover types. These 

were in turn combined with a digital soil map to determine curve 

numbers. The derived curve number map was then used with 

precipitation data to calculate runoff. A- comparison of the two 

methods indicated that the GIS method did not differ significantly 

from the manual method. 



3 2  

METHODOLOGY 

The methodology of this study can be divided into five 

sections: site selection, remote sensing data collection, image 

processing and classification, conventional land cover classification 

and hydrologic modeling. 

Site Selection 

The High School Wash watershed in Tucson Arizona was 

chosen as the field area for this study (Figure 1). It was chosen for 

four reasons: 1. It is a gauged urban watershed, so runoff data is 

available, 2. It is a small watershed (approximately 1 square mile), 

so that it's size may limit the use of satellite borne remote sensing 

systems to map land cover (Jackson et al., 1977), 3. The watershed 

has been the site of several related hydrologic simulation studies 

(Lormand, 1988; Hu, In press), and 4. A conventional orthophoto 

field survey of the land cover data has recently been done for the 

watershed (Lormand, 1988). The land use in the High School 

watershed is dominated by single family residences (81.5%). Other 

land uses consist of apartment units (5.9%), business/commercial 

(3.2%), schools (5.3%) and parks (4.0%). Two different SCS 

hydrologic soil groups are found in the watershed, hydrologic soil 

groups B and D. Hydrologic soil group D is the dominant soil type. 

Slopes in the watershed vary between 1% and 8% (Lormand, 

1988). 
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Remote Sensing Data 

Remote sensing data covering the High School Wash 

watershed was obtained from three sources: SPOT multispectral 

scanner satellite data, NHAP color-infrared photography, and 

multispectral aerial video taken with the Xybion video system at 

two different pixel resolutions. Each of these four sets of imagery 

were classified using the MIPS image processing system 

(Microimages Inc., 1990) and transferred to the IDRISI geographic 

information system (Eastman, 1989) for error analysis of the 

classifications and further processing for hydrologic simulation 

(Appendix A). 

Data Collection 

The French Systeme Pour VObservation de la Terre or SPOT 

program was initiated in 1978, and the first satellite, SPOT-1, was 

launched from an Ariane rocket in February 1986. The SPOT 

satellites have a circular, near polar, sun synchronous orbit, and an 

orbital pattern that repeats every 26 days. The imagery is 

collected in a 65 km wide swath. There are two identical high-

resolution-visible (HRV) imaging systems aboard the SPOT 

satellite. Each system is capable of operating in either of two 

modes: panchromatic (HRV1) or color infrared (HRV2). The 

panchromatic mode which senses wavelengths between 0.51 to 

0.73 micrometers provides black and white imagery at 10 meter 

spatial resolution. The color infrared mode senses in three spectral 
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bands, 0.50 to 0.59, 0.61 to 0.68, and 0.79 to 0.89 micrometers, 

and it provides spatial resolution of 20 meters (Lillesand and 

Kiefer, 1987). 

Infrared (HRV2) SPOT data for the High School Wash study 

area was obtained from the Arizona Remote Sensing Center (ARSC), 

Office of Arid Land Studies, University of Arizona in Tucson 

Arizona. The date of acquisition for the data was May 7, 1988. 

The High School Wash watershed comprised a small subsection of 

the SPOT image which itself covered a large portion of the Tucson 

metropolitan area. The High School Wash Area was extracted from 

the larger scene using the ERDAS image processing system. 

The National High Altitude Program (NHAP) is a federal 

remote sensing program involving several federal agencies and is 

coordinated by the USGS. The purpose of the program is to 

provide aerial photographic coverage of the entire United States. 

Since the NHAP program began, it has had two phases NHAPI and 

NHAPII. NHAPI began in 1980 and provides photography taken 

during the spring and fall when vegetation is primarily in a 

leafless state. NHAPII began in 1985 and collected photography 

when vegetation was in a leaved state. Two types of photography 

are available, color infrared photography at a scale of 1:58,000 and 

panchromatic photography at a scale of 1:80,000. Both types of 

photography are exposed simultaneously from an altitude of 

12,000 meters above mean ground level (Lillesand and Kiefer, 

1987). 
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For this study, a color infrared NHAP photographic 

transparency covering the High School Wash watershed was 

obtained from the Arizona Remote Sensing Center. The date of the 

image was June 7th, 1984. The scale of the transparency was 

measured at 1:61,500. 

The Xybion Electronic Systems Corporation produces a 

multi-spectral video (MSV) analysis system. The system consists 

of a Xybion MSV camera a VHS video recorder and a micro

computer equipped with the Xybion Image Capture and Analysis 

System (XICAS) software and a video "frame grabber" board. The 

Xybion MSV camera is a black and white video camera equipped 

with high speed filtered shutter. By means of a the 600 rpm 

rotating multispectral filter placed between the lens and imaging 

chip, the camera is able to collect a sequence of video frames in 6 

different spectral bands. A new frame is acquired every 1/60 

second, so the band sequence is repeated every 1/10 second 

(Xybion Electronic Systems, 1986). 

To collect video data, the Xybion MSV camera is mounted on 

an airplane and connected to a VHS video cassette recorder. These 

units are then powered either by portable power packs or by the 

airplane's own power system. Then the system is flown over the 

target area while the data is recorded on video tape. Spatial 

resolution of the data is specified by adjusting the focal length of 

the camera lens and the altitude of the airplane. 
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The Arizona Remote Sensing Centex* has a Xybion MSV 

system which was available for use in this study. The system was 

mounted in the belly port of a Cesna 180 aircraft., and on July 3rd, 

1991 video data was recorded for the High School Wash 

watershed. The watershed was overflown at two altitudes 3000 

feet above ground level and 6000 feet above ground level. These 

altitudes correspond to captured image cell resolutions of 2 meters 

and 4 meters, respectively. 

Image Capture 

Before an image can be processed by a computer it must be 

in a digital format. Often the imagery is in digital format when it 

is obtained. This is commonly the case with satellite imagery. 

Other imagery must be converted to a digital format. This process 

is known commonly as digitization or image capture. There are a 

variety of methods to accomplish this conversion depending on the 

format of the source imagery. Two primary methods are used to 

digitize non-digital imagery, scanning and screen capture. 

Scanning is used for capturing images on various paper and 

photographic media. Screen grabbing converts the analog video 

signals of images on a cathode ray tube (CRT) into a digital format. 

SPOT data is originally captures in a digital format. No digital 

conversion was required for the data. The NHAP was received 

from the Arizona Remote Sensing Center as a color infrared 

transparency. This transparency was digitized using a Howtek 
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scanner attached to a Swan 486 microcomputer loaded with the 

Map Image Processing System (MIPS) software. The data was 

scanned at a maximum resolution of 400 dpi which resulted in the 

creation of a MIPS format digital image with a ground resolution of 

4 meters per pixel. 

Video frames of four bands (blue, green, red and near 

infrared) at 2 meter and 4 meter resolution were captured in a 

digital format using the Xicas system loaded on a Compaq 386 with 

a video capture board. A total of 18 frames per band (64 frames 

total) were digitized at 4 meter pixel resolution and 36 frames per 

band (144 frames total) were captured at 2 meter pixel resolution. 

The individual frames from each data set were then imported to 

the Map Images Processing System (MIPS) for further 

manipulation. 

Image Processing 

According to Schowengerdt (1983) image processing 

generally refers to numerical manipulation of remote sensing 

digital images. Digital images consist of a two dimensional array of 

numbers that represent brightness. The digital nature of this 

imagery lends itself to the computer processing and analysis. 

There are a variety of methods available to process, enhance, and 

analyze digital imagery. Image processing can be divided into 

three distinct steps: pre-processing, image enhancement, and 

classification. Pre-processing includes operations that correct 
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problems inherent in the raw data such as radiometric calibrations, 

geometric rectifications and the removal of various kinds of image 

noise. Image enhancement includes processing methods that 

create new images that emphasize or enhance characteristics that 

will improve image interpretation or classification. There are 

numerous types of image enhancement falling into rough 

categories such as contrast, texture and color enhancements. 

Image classification is the final step in processing which basically 

attempts to automate the interpretation of imagery to produce a 

thematic map. There are numerous algorithms and procedures 

available, and these procedures generally involve trying to group 

image pixels into specific classes based on the location of their 

brightness value in a histogram of the all pixel brightness values in 

the image. 

Image Registration 

Registration of imagery is the process by which each pixel is 

given a spatial reference to some known coordinate system. This 

process, though not always necessary, provides a reference for 

several types of geometric manipulation of the imagery. The 

registration of an image allows an analyst to "warp" or "stretch" a 

given image to spatially correspond to another image or to a 

specific coordinate system which in turn allows two or more 

registered images to be spatially compared (Schowengerdt, 1983). 
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For this study, all the imagery analyzed was registered to the 

Universal Transverse Mercator (UTM) projection. The procedure 

for image registration varied depending on the image source, but, 

in general, the imagery was registered to a vector map of the roads 

in the High School Wash watershed. The vector map was digitized 

from a U.S.G.S. 7.5 minute quadrangle map on Calcomp 9500 series 

digitizing tablet using the AutoCAD computer aided drafting 

software. The vector map was then transferred via a DXF format 

to the MIPS image processing system. 

The procedure for registering of the imagery to the vector 

map varied slightly for each set of imagery, but, in general, the 

procedure consists of picking a series of control points on the 

raster imagery that correspond spatially to points on the 

registered vector image. These points are then used to provide a 

spatial reference for the registration of the raster images. 

The SPOT imagery was already registered to the UTM 

projection, so no registration was necessary. However, the SPOT 

images were overlain by the vector maps of the roads in order to 

verify the registration. 

The NHAP imagery had no registration and required the 

operator defined control points. The control points were defined 

for a single band and were then copied to the other bands. 

The registration of the 2 and 4 meter Xybion video data was 

much more labor intensive. The 2 meter data consisted total of 36 

frames per band (144 frames total) and the 4 meter data consisted 
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of 18 frames per band (64 frames total). It was necessary to 

define at least 4 control points for each frame. Most of the frames 

contained severe spatial distortions, so many more control points 

(on the order of twenty per frame) were needed to accurately 

register each frame. For a specific frame, only one band was 

interactively given control points. These control points were then 

copied to the other bands in the frame. 

Root mean square error (RMSerror) is a measure of geometric 

distortions in an image produced during registration (Jensen,1986) 

RMSerror for each set of imagery classified in this study are seen in 

Table 1. 

Table 1. Summary of RMSe r r o r  For Each Image 

I m a g e  

R M S  e r r o r  ® '  

R e g i s t r a t i o n  

( p i x e l s )  

R M S  e r r o r  °  f  

R e g i s t r a t i o n  

( m e t e r s )  

2 meter Video 2.44 4.88 

4 meter Video 2.01 8.04 

SPOT 1.35 27.00 

NHAP 1.53 6.12 

Geometric Correction 

It is not uncommon for digital imagery to contain geometric 

distortions that limit the use of the imagery for many kinds of 

analysis. These distortions can be introduced in a variety of ways, 
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but, in general, their introduction and severity depend on a 

combination of factors such as the optical specifications of the 

platform, atmospheric refraction, variations in the altitude, 

velocity and stability of the platform, and variations in topography 

(Lillesand and Kiefer, 1987). 

When performing a geometric manipulation of an image, two 

transformations are accomplished, pixel coordinate transformation 

and pixel digital number resampling or interpolation. Coordinate 

transformation consists of moving the location of image pixels to 

conform to a given coordinate system and there are numerous 

algorithms available to accomplish the transformation. Resampling 

is the process which determines the digital number for a pixel that 

has undergone a coordinate transformation. 

The SPOT imagery underwent geometric transformation at 

the Arizona Remote Sensing Center before it was obtained for this 

study. Rectification and resampling were accomplished by first 

identifying 35 ground control points on both the SPOT image and 

U.S.G.S. 1:24,000 maps of the Tucson metropolitan area. These 

points were used in the ERDAS image processing system to 

compute a second order polynomial transformation of the image. 

Resampling was done using the nearest neighbor technique (Jiang 

Li, 1992). 

The digital NHAP image was transformed using the MIPS 

image processing program. The process began by first identifying 

12 ground control points on both the NHAP image and a vector 
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representation in the High School Wash area. This vector map 

manually digitized from a U.S.G.S. 1:24,000 map covering the High 

School Wash area. Once the control points were obtained the 

image coordinates were transformed using a third order 

polynomial algorithm and a nearest neighbor resampling. 

The geometric transformation and resampling of the 2 and 4 

meter Xybion video data was much more computationally 

intensive than either the SPOT or the NHAP data. As was 

mentioned earlier, the 2 meter data consisted total of 36 frames 

per band (144 frames total) and the 4 meter data consisted of 18 

frames per band (64 frames total).. Using the MIPS program it 

was necessary to transform and resample each frame individually. 

For the Xybion data, a third order polynomial transformation with 

a nearest neighbor resampling method were used in the process. 

Mosaics 

The SPOT and NHAP imagery were captured as single frames 

which encompassed the entire study area, so no mosaicking of the 

imagery was necessary. The nature of the Xybion video imagery 

required that individual frames be combined into a single mosaic 

to provide coverage for the entire study area. The construction of 

a single digital mosaic image by piecing together two or more 

adjacent images follows directly from the concept of aerial 

photomosaics. 
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Using the MIPS image processing program, the individual 

Xybion video frames for each band were mosaicked into single 

scenes. This process resulted in four single spectral band images 

for a single scene which covered the entire study area. 

Normalized Difference Vegetation Index 

According to Lillisand and Kiefer (1987), there are several 

proven mathematical combinations of spectral bands that have 

been found to be sensitive indicators of the vegetation. These 

combinations are commonly known as vegetation indices. One of 

the most common used vegetation indices is the normalized 

difference vegetation index (NDVI). The NDYI is computed from 

the following equation: 

NDVI = near infrared band - red band (5) 
near infrared band + red band 

In this study, an NDVI band was computed for each set of imagery. 

The NDVI bands were computed as an indicator of vegetation and 

were included in the unsupervised classifications. 

Image Classification 

Image classification is the process by which features in an 

image are identified or classified. Computer techniques in 

classification range from pure visual analysis and interpretation to 

complete quantitative automation of interpretation. Visual 

interpretation of digital images is accomplished by an analyst 



4 5  

doing "on screen" interpretations of digital images. Automated 

techniques generally rely on spectral pattern recognition. Spectral 

pattern recognition involves the application of statistically based 

algorithms to the radiance values in an image. By applying these 

algorithms, pixels values are grouped into classes that share 

similar spectral characteristics. 

According to Schowengert (1983), there are three general 

methods for image classification: supervised, unsupervised and 

combination classification. Supervised classification involves the 

creation of analyst defined training areas on an image. These 

areas are ideally spectrally distinct from other classes in the image 

and define the complete spectral range of specific class in the 

entire image. These training sites are then used to define specific 

classes throughout the image. Unsupervised classification involves 

the application of statistical algorithms to the image to determine 

intrinsic spectral clusters. In other words, classes are determined 

by grouping spectrally similar pixels into a single class. The 

combined approach basically consists of the use of the supervised 

and unsupervised methods in a complimentary fashion. The 

combined approach begins by first applying an unsupervised 

classification algorithm to an image. The goal of the unsupervised 

classification is to create as many definable clusters as is necessary 

to define all of the classes in the image. The supervised part of 

this classification method involves the combination of these 

defined clusters into meaningful classes by an analyst. Of all 
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classification methods, the combined approach, when 

supplemented by using auxiliary information such as aerial 

photographs and field knowledge of the area, generally results in 

the most accurate classification (Schowengert, 1983). 

There are numerous specific algorithms available to 

accomplish unsupervised classification, but all of them involve the 

clustering data into groups that represent the natural groupings of 

the data in K-dimensional feature space. K-dimensional feature 

space in the context of this study refers to the number of image 

bands, both natural and synthetic, that are used as input to the 

classification algorithm (Schowengert, 1983). One of the most 

commonly used unsupervised classification algorithms is the K-

means algorithm. The basic process by which this algorithm works 

is by first creating a single arbitrary mean value for each of the 

desired K classes. These values are commonly known as "seed" 

values. Image pixels are then placed in a class which has the 

closest mean value. From the resulting clusters, new class mean 

values are calculated. These new means are then used to 

determine new clusters. This process is done iteratively until the 

class means do not differ significantly from the class means 

determined in the previous iteration (Schowengert, 1983). 

In this study, all of the imagery of the High School Wash 

study area (SPOT, NHAP and Xybion) was classified using the 

combined approach. Each image was first classified using a K-

means unsupervised algorithm and then the resulting class 
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clusters were combined by an analyst into meaningful land cover 

classes: vegetation, bare soil, buildings and pavement (Appendix 

A). For the Xybion Video data five bands were submitted to the K-

means algorithm: Blue, green, red, near infrared and NDVI bands. 

For the NHAP and SPOT data four bands were used: green, red, 

near infrared and NDVI bands. Using the K-means algorithm, fifty 

unsupervised clusters were created for each unsupervised 

classification. For each classification, these clusters were combined 

by the analyst into four classes: vegetation, buildings, pavement 

and bare soil. 

Error Analysis 

A standard method for analyzing and assessing error in 

remote sensing imagery classifications is the error matrix. The 

error matrix indicates overall error present in a classified image. 

In addition, the matrix provides an analysis of specific types of 

misclassifications in an image. The results of an error matrix also 

allows the accuracy of two or more classifications to be compared. 

Many authors provide a brief explanation and methodology for 

creating and analyzing error matrices, but Campbell (1987) 

thoroughly presents the subject. 

In this study, error analysis of the remote sensing imagery 

was used to calculate individual accuracies of each land cover 

classification produced by each remote sensing method. An error 

analysis was done for the classifications that used four basic land 



4 8  

cover categories - vegetation, buildings, pavement and bare soil 

(Appendix B). In order to gain insight into the effects of the errors 

on hydrologic simulations an additional error analysis was 

performed on the same classifications whose four categories were 

collapsed into two categories - pervious and impervious land cover 

(Appendix B). For this error analysis the two most impervious 

classes, buildings and pavement, were combined into a single class, 

and the most pervious classes, vegetation and bare soil were 

combined into another class. 

The Error Matrix 

The error matrix is a standard method for assessing the 

accuracy of remote sensing imagery classifications (Campbell, 

1987). From the error matrix, several statistics an be calculated 

that are useful in evaluating imagery - the percentage correct, the 

kappa coefficient and errors of omission and commission. The error 

matrices, percentage correct, khat and errors of omission and 

commission completed for this study are in Appendix B. 

The creation of an error matrix requires two images, the 

image to be evaluated and a reference image. The image to be 

evaluated is the classified image. The reference image is an image 

that consist of pixels that represent "ground truth" for 

corresponding pixels in the classified image. It is important that 

the two images are exactly registered to each other, because errors 

in pixel registration can translate to errors in classification in the 
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error matrix. Once the classified and reference images are 

prepared, they are compared to each other pixel for pixel. These 

comparisons are then summarized in error matrices. The values 

on the diagonal of the matrix indicate the number of pixels 

correctly classified. The non-diagonal numbers in the horizontal 

rows are the errors of omission. These are errors caused by 

omitting a pixel from its correct class. The nondiagonal numbers in 

the vertical columns are errors of commission which indicate 

errors produced by classifying a given pixel into the incorrect 

class. 

The Reference Image 

In order to create the error matrices for the images in this 

study it was first necessary to create reference images for each 

image classification. Ideally, for this study the reference image 

would be the image produced by the conventional manual 

classification. By using the conventional classification as the 

reference image, comparison of the results of the error analyses of 

each image classification would be more comparable. However, 

due to the differences in geometric registration and differences in 

the pixel sizes of each image, it was necessary to create a single 

unique reference image for each image. These four reference 

images were created by analyst assisted sampling the original 

unclassified images. The sampling method was a systematic 

stratified sample, gridded by block, and by known class 
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distribution. The basic methodology consisted of a trained analyst 

classifying pixels on the unclassified images in a systematic 

manner. The analyst identified pixels in gridded blocks which 

were based on city blocks. The number of pixels in each land 

cover class were chosen in proportion to the proportion of land 

cover classes in the corresponding classified image. These 

reference images were then compared to the corresponding 

classified images using overlay analysis in the IDRISI geographic 

information system (Eastman, 1989). 

Percentage Correct and Kappa Coefficient 

Campbell (1987) provides a thorough discussion of the two 

statistics that are commonly used to assess the overall accuracy of 

remote sensing classification. These methods are percentage 

correct and the kappa coefficient. Percentage correct is calculated 

by simply summing the number of pixels in the image that have 

been classified correctly and dividing this number by the total 

number of pixels in the image: 

percentage correct = number of pixels correct (6) 
total number of image pixels 

Percentage correct provides a useful indication of the accuracy of 

an image, but, in certain situations, it can be somewhat misleading. 

The major problem with this method is that in some cases high 

percentage correct values can be produced simply through random 

assignment of pixels to classes. An error assessment method that 
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accounts for the possibility of randomness in pixel class 

assignments is the kappa coefficient. 

The kappa coefficient is a measure of the difference between 

the observed percentage correct of a given classification and the 

percentage correct that might be expected if pixel assignments of 

the classified map were produced randomly. The formula for 

determining the kappa coefficient is as follows: 

kappa coefficient = observed - expected (7) 
1 - expected 

The value for "observed" is obtained by simply summing the 

diagonals of the error matrix which produces the number of pixels 

that were "observed" to be correct. The "expected" value is found 

by producing a table showing the products of the row and column 

totals (marginals) seen in the original error matrix (Appendix B). 

Once this table is produced, the major diagonal is summed (sum of 

diagonals). Then the sum of the all the row and column products is 

calculated (grand total). The division of the sum of diagonals by 

the grand total produces a value for the "expected" correct. 

Errors of Omission and Commission 

For the error matrix of each image classification, errors of 

omission and commission also were determined. These errors are 

somewhat difficult to explain without an example. Campbell 

(1987) provides a useful explanation by example using forest and 

agricultural land cover classes. When looking specifically at pixels 
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that are really forest on the ground, errors of omission for the 

forest class occur when an area that is truly forest is classified as 

agriculture, and errors of commission for the forest class occur 

when areas that are truly agriculture are classified as forest. It 

should be apparent that errors of omission for one class are errors 

of commission for another class. The purpose of compiling these 

errors for an image is not to evaluate the overall accuracy of the 

map, rather they provide an indicator as to the source of the 

inaccuracies in a given classification. 

Chi-Square Goodness-of-Fit Test 

The chi-square goodness-of-fit test is a method to test the 

similarity of the distributions of categorical data (Davis, 1972). The 

chi-square statistic is calculated in the following way: 

X2 = I [(Oi-Ei)2/Ei] (8) 
i=l 

where: 
X2 = chi-square test statistic 

Oi = number of observations in the ith class 
Ei = expected number of observations in the ith class 

and: 
Null hypothesis: probability of expected category = 
probability of observed class 

Alternative hypothesis: at least one of the category 
probabilities differs from the expected value 

The rejection region: the null hypothesis is rejected if 
X2 exceeds the tabulated critical value for a = a 
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In this study, the chi-square goodness-of-fit test is used to test the 

similarity of the distribution of land cover in each of the image 

classifications to that of the conventional land cover classification. 

Conventional Land Cover Classification 

The conventional land cover classification was done by 

Lormand (1988). This data was compiled mainly from aerial 

photographs and transferred to mylar overlays. From the mylar 

overlays, the land cover polygons were digitized using the 

AutoCAD computer drafting software (Autodesk, 1989). The 

AutoCAD format land cover data was then rasterized in IDRISI 

(Eastman, 1989). The data originally contained seven land cover 

types: grass, pavement, building, swimming pools, bare soil, desert 

scrub, and canopy. These seven land cover types were 

categorically combined based on hydrologic properties to form four 

categories that conformed with the categories classified in the 

remote sensing images: vegetation, pavement, buildings and bare 

soil. The grass and canopy classes were combined into the 

vegetation class; the pavement class remained unchanged; the 

building and swimming pool classes were combined to form a 

single building class; and bare soil and desert scrub were combined 

into a single bare soil class. 
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Hvdrologic Simulation 

Four different sets of remotely sensed land cover data were 

generated for the High School Wash watershed. One of the main 

purposes of this study was to evaluate the effect of these different 

remote sensing data sets, and the curve numbers derived from 

them, on the results from the SCS storm water runoff model. The 

remote sensing data provided land cover data which when 

combined with soil and and soil moisture conditions was used to 

determine curve numbers for the model. Precipitation was 

obtained from recorded values from actual events for which both 

rainfall and runoff were measured in the watershed. The resulting 

calculated runoff volumes were then compared to measured runoff 

volumes. Equations (3) and (4) from page 27 were used for 

estimating runoff volume for each remote sensing data set. 

Precipitation and Runoff Data 

The precipitation and runoff data used in this study was 

originally compiled at the Water Resources Research Center at the 

University of Arizona. The data records extend from 1968 through 

1987 and provide records from 4 recording rain gauges and 1 non-

recording gauge (Lormand, 1988). By looking at a ratio of the 

runoff to rainfall over a the period of collection, it was determined 

that the ratio was relatively constant throughout the collection 

period. This consistency indicated that the land cover in the 

watershed had not undergone a significant change in composition 



during the observed period (Guertin, 1993). The rainfall data for 

each event were averaged using the arithmetic mean method 

(Brooks et al., 1991). These records are seen in Appendix C. The 

same data set has been used in two hydrologic studies of the High 

School Wash watershed (Lormand, 1988; Hu, In Press). 

Curve Numbers 

Hydrologic soil group (HSG), antecedent moisture conditions 

and land cover are the three factors that are used to determine 

curve numbers. Curve numbers are found by delineating the 

different soil/cover complexes in a watershed that most closely 

resemble previously determined soil/cover complexes whose 

curve number is known (Soil Conservation Service, 1986). 

In determining curve numbers, soils are classified 

hydrologically into four groups (Brooks et al., 1991): 

Soil Type A = high infiltration rates; usually deep, well-drained 
sands and gravels with little silt and clay. 

Soil Type B = moderate infiltration rates; fine to moderate 
texture, well structured soils, light sandy loams 
silty loams. 

Soil Type C = below average infiltration rates; moderate- to 
fine textured, shallow soils, e.g., clay loams. 

Soil Type D = very slow infiltration rates; usually clay soils or 
shallow soils with a hardpan near the surface. 

In the High School Wash watershed, hydrologic soil groups were 

delineated by Lormand (1988) from the Eastern Pima County Soil 
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Survey. Soil types B and D were found in the watershed. These 

groups were digitized by Lormand (1988) using the AutoCAD 

digitizing program (Autodesk, 1989). 

There are three possible antecedent moisture conditions 

(AMC) that are determined by considering the amount of rainfall 

within the watershed 5 days before the event of interest (Brooks 

et al., 1991): 

AMC I = dry, < 0.6 in. 
AMC II = near field capacity, 0.6-1.57 in. 
AMC III = near saturation, > 1.57 in. 

The curve number table provided by the Soil Conservation Service 

(1986) are derived from average antecedent moisture conditions. 

In other words, the curve numbers moisture in these tables are for 

AMC II. But, with the exception of irrigated vegetation, the 

moisture conditions in the High School Wash watershed are more 

closely represented by AMC I. To convert the curve numbers to 

AMC I a conversion table was used (Dunne and Leopold, 1978). 

The antecedent moisture conditions (AMC) for paved streets, 

buildings and bare soil were converted to curve numbers for AMC 

I. For the vegetation land cover, an assumption was made that the 

majority of the vegetation in the watershed was irrigated, and that 

the antecedent moisture condition for this class would more closely 

resemble those of AMC II. Therefore, curve numbers for 

vegetation were taken directly from the table for AMC II. 
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Land cover can be determined using a variety of methods 

ranging from field reconnaissance to remote sensing data to land 

use maps. But which ever method is used land cover data must be 

placed into groups corresponding to classes determined 

experimentally by the Soil Conservation Service (Soil Conservation 

Service, 1986). For this study, four land cover types were 

delineated in the watershed using each of the four sets of remote 

sensing imagery: vegetation, pavement, buildings and bare soil. 

The land cover categories and their corresponding curve 

numbers for each hydrologic soil group are presented in Table 2. 

Table 2. Curve Numbers Used in the Model 

Land Cover Type Curve Numbers by 

These curve number were used as input into the SCS runoff 

equation. 

GIS Determination of Soil/Cover Complexes 

In order to determine Soil/Cover complexes in the study 

area, the land cover classifications from each individual remote 

sensing classification were combined with a hydrologic soil group 

Hydrologic Soil Group. 

Vegetation (AMC II) 
Building (AMC I) 
Paved Road (AMC I) 
Bare Soil (AMC I) 

HSG-B 
6 1 
95 
95 
6 2  

HSG-D 
8 0  
95 
95 
77 



map (Figure 2). These combinations were done using the overlay 

operators in the IDRISI GIS (Eastman, 1989). The resulting images 

provided area totals for each possible soil group/land cover class 

combination. These values were used as input to the curve 

number method. 

Distributed Q 

Runoff (Q) for each set of data was calculated using the 

distributed form of the SCS runoff equation. In this method, for a 

single rainfall event, runoff is calculated for each land 

cover/hydrologic soil group combination in the watershed of 

interest. For this study there are eight such combinations (Table 

2). Once a runoff value has been calculated for a single rainfall 

event for each cover/soil combination, the Q values are multiplied 

by the percentage of the watershed area that each corresponding 

soil/cover complex occupies. Then these percentage runoff values 

are summed to produce the distributed runoff value for the entire 

watershed. 
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Evaluation of the Hydrologic Simulation 

The results of the hydrologic simulation are summarized in 

Appendix C. The evaluation of these results was done by 

compiling two statistics for each simulation: the mean ratio and the 

standard deviation. The method for compiling these statistics for 

hydrologic studies is outlined by Cundy and Brooks (1981). 

In this study, the mean ratio compares the simulated runoff 

values produced by using land cover data obtained from the 

remote sensing data as input to the curve number method for 

predicting observed runoff. This comparison is done using the 

following formula: 

_ n 
R =  X  r j  ( 9 )  

i=l 

where, 

R = the mean ratio of Qs and Qo 
r i  =  Q s j  /  Q o i  
Qs = simulated runoff (in) 
Qo = observed runoff (in) 
i = the event number 
n = the total number of events 

The standard deviation of the simulated runoff from the observed 

runoff is determined as follows: 

( n V/2 

SD= I X ( r j - R ) 2  |  

I i=1 (n - 1) J 
( 1 0 )  
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where, 
SD = standard deviation 
R = the mean ratio of Qs and Qo 
rj = Qsi / Qoi 
Qs = simulated runoff (in) 
Qo = observed runoff (in) 
i = the event number 
n = the total number of events 

A value of 1.0 for the mean ratio and a standard deviation of 0.0 

indicates a perfect correspondence between the observed and 

simulated runoffs. 
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RESULTS AND DISCUSSION 

Remote Sensing Data 

An error analysis was done for the classifications that used 

four basic land cover categories - vegetation, buildings, pavement 

and bare soil (Appendix B), and an additional error analysis was 

performed on the same classifications whose four categories were 

collapsed into two categories - pervious and impervious land cover 

(Appendix B). This error analysis provides an indication of the 

types of errors produced by each platform (errors of omission and 

commission). These errors are evaluated in terms of how they 

may effect hydrologic simulations. Percentage observed correct 

and kappa coefficient are also reported here (Tables 2 and 3) and 

give some indication of the accuracy of each image classification. 

However, as was mentioned earlier, due to registration and 

resolution differences between the image classifications, 

comparison or ranking of these accuracy figures is inappropriate. 

A more appropriate and relevant comparison of the image 

classifications is seen in the chi-square goodness-of fit test. The 

chi-square compares the categorical distribution of land cover 

classes between each of image classifications and the conventional 

classification. 

Error Analysis of the Four Category Classifications 

For the error matrix of each four category (vegetation, 

buildings, pavement and bare soil) image classification, errors of 



omission and commission were determined. The resulting tables 

(Appendix B) contain evidence of some interesting trends. 

As is seen in the table of omission and commission errors for 

the 2 meter video, the most significant errors in the 2 meter video 

classification are errors of commission in the building land cover 

class. The error matrix indicates that the source of the majority of 

the errors of commission for the buildings class is caused by 

commission from bare soil class to the building class. In other 

words, pixels that in reality should represent bare soil have been 

inappropriately classed as buildings. Similarly, this error of 

commission is represented as an error of omission from the bare 

soil class to building class. These errors are very significant to 

hydrologic modeling in that the misclassification produces more 

pixels in the more impervious building class. By generally 

increasing the imperviousness of the land cover data used as input 

to a runoff model, estimated runoff volume should increase. 

Looking at the errors of omission for the 2 meter video, it is 

seen that they are consistently high for all classes. This is the 

result of a general confusion between the bare soil class and all 

other classes. By examining the error matrix, it is seen that pixel 

omissions most consistently fall into the bare soil class. Similarly, 

the errors of commission for the bare soil class are relatively high 

for all classes. In general, the highest rate of confusion in the 2 

meter video involves the bare soil class. This is not surprising in 

that the bare soil class is the most variable class in the study area. 
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As a target, the bare soil class varies significantly both in reflective 

characteristics and in spatial geometry. 

Other significant patterns in the 2 meter error matrix include 

the large omissions from both the pavement and building classes 

to the vegetation class. These errors are significant hydrologically 

in that they involve confusion between the two most impervious 

land cover classes with the most pervious class. In the hydrologic 

simulations, these errors would result in a suppression of the 

impervious characteristics of the watershed and would result in 

lower runoff volumes. It is also possible that these kinds of errors 

could hydrologically counter the high commission error for the 

buildings class. 

The error matrix for the 4 meter video indicates a pattern 

similar to the 2 meter video. Like the 2 meter video, the 4 meter 

video classification indicates significant errors of commission in the 

building class. The error matrix for the 4 meter video indicates 

that the most significant source of the errors of commission for the 

buildings class is caused by commission from bare soil to the 

buildings class. However, in contrast to the 2 meter video, a 

significantly higher proportion of the 4 meter video errors of 

commission are represented as commission from the vegetation 

class to the building class. 



6 5  

Like the 2 meter video classification, the errors of omission 

and commission for bare soil in the 4 meter video are consistently 

high for all classes. Again, this is the result of a general confusion 

between the bare soil class and all other classes. By examining the 

error matrix for the 4 meter video it is seen that pixel omissions 

most consistently fall into the bare soil class. Similarly, the errors 

of commission for the bare soil class are relatively high for all 

classes. The errors of omission from vegetation to bare soil is of 

particular importance as this error involves a shift from lower to 

higher imperviousness. 

As with the 2 meter video, the error matrix of the 4 meter 

video contains significant omissions from both the pavement and 

building classes to the vegetation class. Again, these errors are 

significant hydrologically in that they involve confusion between 

the two most impervious land cover classes with the most pervious 

class, and in a hydrologic simulations these errors would tend to 

reduce runoff volumes. 

Like the 2 meter and 4 meter video, the NHAP classification 

exhibits a general confusion between the bare soil class and all 

other classes. Also, as with the two previous classifications, the 

omission from the bare soil class to the building class appears 

quite high. This increase in pixels classified as buildings would 

tend to increase runoff volumes in a hydrologic simulation. 

An error of significance that appears more frequently in the 

NHAP data than it does in both video classifications is the omission 



PLEASE NOTE 

Page(s) not included with original material 
and unavailable from author or university. 

Rimed as received. 

University Microfilms international 



Table 3. Summary of Error Matrices - All Four Land Cover Classes 

2 meter 
Video 

4 meter 
Video 

NHAP SPOT 

Percent Observed 
Correct 

79.58% 72.27% 66.85% 61.84% 

kappa coefficient 70.12% 58.91% 53.60% 46.29% 

The error statistics of the image classifications indicate 

generally decreasing accuracy in the following order: 2 meter 

video, 4 meter video, NHAP and SPOT. 

Error Analysis of the Pervious/Impervious Classifications 

As was seen in the previous section, many of the errors of 

omission and commission in the four category classifications are 

between classes of similar permeability classes. The purpose of 

the error analysis of the pervious/impervious classifications was to 

examine the effect of the errors of commission and omission in the 

four category classifications on the curve number model. In the 

four category classification, errors of omission and commission 

between classes with similar permeability characteristics are not 

as significant to the curve number model as are errors between 

classes of dissimilar permeability classes. For example, an error 

involving confusion between vegetation and pavement is more 

significant to the curve number model than an error between 

vegetation and bare soil. The complete error analysis is seen in 

Appendix B and the percent observed correct and kappa 

coefficient are summarized in Table 4. 
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Table 4. Summary of Error Matrices - Impervious/Pervious 
Classifications 

2 meter 
Video 

4 meter 
Video 

NHAP SPOT 

Percent Observed 
Correct 

84.17% 79.02% 73.94% 80.63% 

kappa coefficient 64.59% 51.93% 46.94% 59.63% 

These results indicate that classification errors of the type that are 

least significant to the curve number method are most common in 

the SPOT classification. This is indicated by the significant 

decrease in errors in the SPOT classification when the four 

category classification is collapsed into the impervious/pervious 

classification. The errors seen in the other image classifications 

also decrease but to a lesser degree 

Chi-Square Goodness-of-Fit Test 

As was mentioned above, The chi-square goodness-of-fit test 

is a method to test the similarity of the distributions of categorical 

data (Davis, 1973). In this case, the categories are percent land 

cover in either four or two categories (Table 5 and 6). The land 

cover distributions of each image classification were compared to 

the distributions of the conventional classification. The basic idea 

is to test whether the image classifications produce land cover 

class percentages similar to those of the conventional classification. 

The hypotheses for this test are constructed as follows: 
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Null hypothesis: probability of expected category 
(conventional classification) = probability of observed 
class (the image classification). 

Alternative hypothesis: at least one of the category 
probabilities of image classification the differs from 
the expected values of the conventional classification. 

The rejection region: the null hypothesis is rejected if 
X2 exceeds the tabulated critical value for a = 0.05 

Critical value of the four category classification = 7.81 
Critical value of the two category classification = 3.84 

As can be seen in Table 5, all of the four category image 

classifications failed the chi-square goodness-of-fit test by a fairly 

large margin. It can generally be stated that at a = 0.05 the 

categorical distributions of the classified images differ significantly 

from the those of the conventional classification. The 2 meter 

video, 4 meter video and SPOT image classifications are most 

similar to the conventional classification, while the NHAP 

classification differs to a significantly greater degree. 

Table 5. Percent Land Cover by Classification Source - Four 
Categories with Chi-Square Statistic 

Conventional 
% Area 

2m Video 
% Area 

4m Video 
% Area 

4m NHAP 
% Area 

20 mSPOT 
% Area 

Vegetation 30.40% 22.33% 19.45% 19.46% 22.74% 
Building 21.27% 13.73% 14.80% 8.28% 10.22% 
Pavement 17.89% 15.92% 17.74% 25.29% 28.18% 
Bare soil 30.44% 48.02% 48.01% 46.97% 38.86% 

Chi-Square - X2  15.24 16.06 23.91 15.92 
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In Table 6, all of the two category pervious/impervious 

image classifications passed the chi-square goodness-of-fit test. It 

can generally be stated that at a = 0.05 the categorical 

distributions of the classified images do not differ significantly 

from the those of the conventional classification. The test indicates 

that the categorical distribution of land cover classes in the SPOT 

image classification are most similar to the distributions in the 

conventional classification. The SPOT classification is followed in 

decreasing similarity by the NHAP, 2 meter video and 4 meter 

video. 

Table 6. Percent Land Cover Type by Classification Source -
Pervious and Impervious Land Cover by Classification 
Source with Chi-Square Statistic 

Conventional 
% Area 

2m Video 
% Area 

4m Video 
% Area 

4m NHAP 
% Area 

20 m SPOT 
% Area 

Impervious 39.16% 29.65% 32.54% 33.57% 38.40% 
Pervious 60.84% 70.35% 67.46% 66.43% 61.60% 

Chi-Square - 3.80 1.84 1.32 0.02 

Hvdrologic Modeling 

The results of the runoff simulations done using the curve 

number method (Soil Conservation Service, 1986) are given in 

Appendix C. Included in these results were the mean ratio and 

standard deviation statistics which were compiled to compare each 

simulation with observed runoff data. The mean ratios and 

standard deviations are summarized in Table 7. 
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Table 7. Summary Statistics Comparing Curve Number Method 
Simulation Results with Observed Runoff 

Simulation Land Cover Data Source 
Conventional 

Survev 
2 meter 

Video 
4 meter 

Video 
NHAP SPOT 

mean ratio 0.900 0.784 0.844 0.828 0.928 
standard 
deviation 

0.262 0.234 0.249 0.242 0.271 

The mean ratio statistic for each simulation indicates relative 

overall similarity of the output of each simulation to observed 

runoff. A mean ratio value of 1.0 and a standard deviation of 0.0 

would indicates a perfect correspondence between the simulated 

and observed runoff (Cundy and Brooks, 1981). As the mean ratio 

value approaches 0.0, this correlation decreases. The standard 

deviation indicates the overall amount of variation in the 

difference between individual observed runoff ratios and mean 

ratio runoff values. 

None of the simulations produced a perfect correspondence 

with the observed runoff values. However, the results presented 

in Table 7. indicate that land cover data from the SPOT 

classification produced runoff values in the curve number method 

that most closely resembled the observed runoff values. The SPOT 

classification is closely followed in decreasing accuracy by the 

Conventional Survey, the 4 meter Video, NHAP, and 2 meter video. 

To examine the source of these differences in the runoff 

simulation results produced by each image classification, it is 

helpful to look at the percentage of each land cover type produced 
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by each image classification and the related chi-square tests 

comparing their categorical distributions to those of the 

conventional survey (Tables 5 and 6). 

The four category land cover percentages and chi-square 

statistics of the four image classifications (Table 6) do not reveal 

obvious relationship between land cover distribution and modelled 

runoff values (Table 6). For example, land cover percentages of 

the SPOT four category classification differs significantly from the 

conventional classification, but runoff values from the curve 

number model do not differ significantly from the conventional 

classification. An examination of the two land cover class 

pervious/impervious classifications is more useful in trying to 

understand the relationship between land cover distribution and 

modelled runoff 

If the land cover classes are grouped into pervious 

(vegetation and bare soil) and impervious classes (buildings and 

pavement), a relationship between the land cover classifications of 

the runoff results are apparent (Table 6). The percentage land 

cover in the pervious and impervious classes is almost identical for 

the conventional survey and the SPOT classifications. These two 

classifications also produce the runoff simulation results that most 

closely resemble observed runoff (Table 7). In the three 

remaining classifications (NHAP, 4 meter video and 2 meter video), 

there is a trend of decreasing impervious area and a corresponding 

increase in pervious area. This decrease in impervious area 
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corresponds directly to a decrease in correspondence to the 

observed runoff (Table 6). 



CONCLUSION 

Goals and Objectives 

The main goal of this study was to contribute to the body of 

knowledge of techniques for gathering urban land cover data for 

surface hydrology investigations. This was done by evaluating 

airborne multispectral video as a tool for obtaining urban surface 

cover information. Three objectives were established to 

accomplish this goal: 

1.) Obtain, process and classify aerial multispectral video, aerial 

photography, and multispectral satellite imagery for an urban 

watershed. 

2.) Perform an error analysis of the urban land cover data 

obtained from the automated classifications of each remote sensing 

platforms. This error analysis will provide an indication of the 

types of errors produced by each platform (errors of omission and 

commission). These errors will be evaluated in terms of how they 

may effect hydrologic simulations. 

3.) Use land cover data obtained from each remote sensing data 

collection method and data from a conventional survey as input to 

a hydrologic model. Compare the results of the hydrologic 

simulations to observed runoff data in the urban watershed. 

These goals were all accomplished. Multispectral aerial 

video, aerial photography, and satellite imagery were obtained for 



the High School Wash watershed. All the imagery was classified 

and an error analysis was performed examined the kinds of errors 

that occured in the classifications in terms of how these errors 

related to the curve number model. Hydrologic simulations using 

the curve number method were performed using land cover data 

from each image set and observed precipitation data. The results 

of these simulations were compared to observed runoff values.-

Remote Sensing Classifications 

Chi-square goodness-of-fit tests indicated that the four 

category land cover image classifications differed significantly 

from the conventional classification. However, when the imagery 

was classified into four land cover classes (vegetation, buildings, 

pavement and bare soil), an error analysis indicated that many of 

the errors in the four category image classifications involved 

errors between classes of similar hydrologic characteristics. The 

error analysis of the two category classification confirms this 

conclusion. When the four category classification is collapsed into 

the two category pervious/impervious classification, the chi-

square goodness-of-fit tests indicated that the image classifications 

more closely resembled the conventional classification. 

In general, these results indicate that the video method 

worked better for determination of specific land cover types. But, 

when each remote sensing method was used to classify land cover 

into two hydrological categories (pervious and impervious), there 
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was no major difference in the classifications. These results 

suggest that for hydrologic purposes, the increased spatial 

resolution of the video data does not provide any significant 

advantages over the SPOT imagery. However, when mapping for 

more specific urban land cover classes, the multispectral aerial 

video performed better than NHAP and SPOT. This result indicates 

that with further refinements aerial multispectral video may still 

provide useful data for other hydrologic inquiries. 

Hydrologic Simulation 

The land cover data obtained from each remote sensing data 

collection method and data from a conventional survey were used 

to obtain five sets of curve numbers that along with measured 

precipitation data for 31 rainfall events were used as input to the 

curve number method. Runoff values were obtained for each set 

of land cover input, and these simulated runoff values were 

compared the observed runoff volumes generated by the rainfall 

events. Mean ratio and standard deviation statistics were then 

compiled to compare the simulated and observed runoff volumes. 

The mean ratios indicated that simulated runoff produced using 

the SPOT classification were most similar to observed runoff. 

Similarities of the simulations to the observed runoff decreased in 

the following order: Conventional Survey, 4 meter video, NHAP, 

and 2 meter video. 
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Overall Conclusions 

The general conclusion of this study is that the SPOT data 

provided the best input for the curve number model. These 

results are not what would have been expected. The video and 

NHAP data both have much higher spatial resolutions than the 

SPOT imagery. On the basis of spatial resolution alone, it would 

generally be expected that the higher resolution data would 

classify most accurately and thus result in more accurate results 

from the curve number model (Woodcock and Strahler, 1987). 

Previous studies that used Landsat data indicated that relatively 

smaller pixel sizes were needed to accurately characterize land 

cover in small urban watersheds (Ragan and Jackson, 1975; 

Jackson, et al., 1977). The spatial resolution of SPOT data (20 m X 

20 m pixels) represents a significant improvement in spatial 

resolution over Landsat data (59 in X 79 m pixels). This 

improvement may be enough to accurately represent land cover in 

small urban watersheds. Woodcock and Strahler, 1987, indicated 

that in order to accurately classify a remotely sensed target, image 

cell size should not be larger than the target. With a cell size of 20 

m X 20 m, SPOT should be able to accurately classify urban targets 

such as paved streets and buildings. SPOT should not work as well 

when recording targets which vary greatly in size such as areas of 

vegetation and bare soil. In another study relating directly to cell 

size and runoff modeling, Hu and Guertin (1991), indicated that 

cell sizes of SPOT data would accurately represent land cover when 
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using the curve number model, and that larger cell sizes would 

result in degradation of runoff simulation results. 

Another possible reason for the superiority of the SPOT data 

is that the SPOT data contained much less noise and the spectral 

quality of the bands was much better and than either the video or 

NHAP data. The video data also contained significant sun angle 

produced noise, and the spectral quality of data was generally 

degraded by the process of warping, resampling and mosaicking 

the individual video frames into a single image. The NHAP data 

was obtained by scanning an infrared transparency. This process 

extracted three spectral bands from the color composite of the 

photograph. It is possible that the spectral resolution of these 

bands was not as accurate as if they were captured separately 

under more controlled conditions. 

Another source of difference between the imagery is timing. 

None of the images were captured at the same time. The two sets 

of video data were captured on July 3rd, 1991, the NHAP data on 

June 7th, 1984, and the SPOT image on May 7th, 1988. By close 

comparison of all the imagery, it is not thought that the basic land 

cover composition of the watershed has changed significantly. 

However, subtle changes in land cover such as shifts in vegetation 

composition and condition are not so easily gauged, and the effect 

of any temporal land cover changes on the classifications is 

unknown. 
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Suggestions for Future Study 

This study indicates that SPOT data produced the best results 

in hydrologic simulation, but additional work needs to be done 

with multispectral video. First of all, this study should be repeated 

where all the imagery is captured at the same time. This would 

eliminate variability introduced into the study by temporal 

changes. Secondly, it would be good to capture the entire 

watershed within a single video frame. A single video frame 

would make the elimination of noise within the image using image 

processing techniques easier and more practical. It should be 

noted that by capturing the entire watershed in a single frame 

would result in a degradation of spatial resolution. However, as 

was indicated in the SPOT classification, within certain limits, a loss 

of spatial resolution does not necessarily have a deleterious effect 

on curve number simulation results. Also, by capturing the video 

in a single frame, registration of the imagery would be easier and 

more accurate. Improved registration would allow for more 

reliable error analysis and image comparisons. 

Another area for consideration in future studies is the use of 

similar or improved technology. The rapid increase in the quality 

and affordability of video equipment promises to provide better 

data from aerial video surveys. Other technology, such as the 

economical transfer of photography to digital compact disks (CD), 

will provide easier access to digital image processing of aerial 

photography. 
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Eventhough the SPOT data generally provided the best input 

to the curve number runoff simulation, the multispectral aerial 

video did not perform poorly. The results from the video were 

encouraging, and additional studies using aerial video for obtaining 

urban land cover data should be undertaken. Eventually, with 

improvements in equipment and image processing techniques, 

aerial video can be an excellent tool for hydrologic investigations. 
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2 meter Video - Four Category Classification 

Error Matrix 
Evaluated Image 

Vegetation Building Pavement Bare soil  Totals Targets 

Vegetation 4542 4 52 1018 5616 145860 
Reference Building 73 3336 8 667 4084 89675 

Image Pavement 307 1 7 3931 527 4782 104058 
Bare soil  265 2547 327 10839 13978 313729 
Totals 5187 5904 4318 13051 28460 653322 

Percent Observed Correct = 79.58% 
kappa coefficient = 70.12% 

Errors of Omission and Commission 
Errors of omission Errors of commission Percent Observed 

Correct 

Vegetation 19.12% 11.49% 80.88% 
Building 18.32% 62.88% 81.68% 
Pavement 17.80% 8.09% 82.20% 
Bare soil  22.46% 15.82% • 77.54% 
Totals 20.42% 20.42% 79.58% 

2 meter Video - Pervious/Impervious Classification 

Error Matrix 
Evaluated Image 

Impervious Pervious Totals Targets 
Reference 

Image 
Impervious 7292 1574 8866 193733 Reference 

Image Pervious 2930 16664 195 94 459589 
Reference 

Image 
Totals 10222 18238 28460 653322 

Percent Observed Correct = 84.17^ 
kappa coefficient = 64.59% 

Errors of Omission and Commission 
Errors of Omission Errors of 

Commission 
Percent Observed Correct 

Impervious 17.75% 14.95% 82.25% 
Pervious 14.95% 17.75% 85.05% 
Totals 15.83% 15.83% 84.17% 
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4 meter Video - Four Category Classification 

Error Matrix 
Evaluated Image 

Vegetation Building^ Pavement Bare soil  Totals Targets 

Reference 
Image 

Vegetation 955 55 36 288 1334 31676 

Reference 
Image 

Building 1 1 560 19 165 755 24108 
Reference 

Image 
Pavement 119 18 831 291 1259 28907 Reference 

Image Bare soil  121 597 122 2455 3295 78204 
Reference 

Image 
Totals 1206 1230 1008 3199 6643 162895 

Percent Observed Correct =72.27% 
kappa coefficient = 58.91% 

Errors of Omission and Commission 
Errors of omission Errors of commission Percent Observed 

Correct 

Vegetation 28.41% 18.82% 71.59% 
Building 25.83% 88.74% 74.17% 
Pavement 34.00% 14.06% 66.00% 
Bare soil  25.49% 22.58% 74.51% 
Totals 27.73% 27.73% 72.27% 

4 meter Video - Pervious/Impervious Classification 

Error Matrix 
Video 4 m Evaluated Image Video 4 m 

Impervious Pervious Totals Targets 

Reference 
Image 

Impervious 1438 586 2024 193733 Reference 
Image Pervious 8 10 3819 4629 459589 

Reference 
Image 

Totals 2248 4405 6653 65 33 22 

Percent Observed Correct = 79.02% 
kappa coefficient = 51.93% 

Errors of Omission and Commission 
Errors of Omission Errors of 

Commission 
Percent Observed Correct 

Impervious 28.95% 17.50% 71.05% 
Pervious 17.50% 28.95% 82.50% 
Totals 20.98% 20.98% 79.02% 
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Error Matrix 
Evaluated Image 

Vegetation Building Pavement Bare soil  Totals Targets 

Reference 
Image 

Vegetation 851 0 605 132 1588 31705 
Reference 

Image 
Building 82 485 12 140 719 13487 Reference 

Image Pavement 46 0 1651 204 1901 41194 
Reference 

Image 
Bare soil  414 940 35 2277 3666 76509 

Reference 
Image 

Totals 1393 1425 2303 2753 7874 162895 

Percent Observed Correct = 66.85% 
kappa coefficient = 
53.60% 

Errors of Omission and Commission 
Errors of Omission Errors of Commission Percent Observed 

Correct 

Vegetation 46.41% 34.13% 53.59% 
Building 32.55% 74.00% 67.45% 
Pavement 13.15% 34.30% 86.85% 
Bare soil  37.89% 12.98% 62.11% 
Totals 33.15% 33.15% 66.85% 

NHAP - Pervious/Impervious Classification 

Error Matrix 
NHAP Evaluated Image NHAP 

Impervious Pervious Totals Targets 

Reference 
Image 

Impervious 2148 472 2620 193733 Reference 
Image Pervious 15 80 3674 5254 45 95 89 

Reference 
Image 

Totals 3728 4146 7874 653322 

Percent Observed Correct = 73.94% 
kappa coefficient = 46.94% 

Errors of Omission and Commission 
Errors of Omission Errors of 

Commission 
Percent Observed Correct 

Impervious 18.02% 30.07% 81.98% 
Pervious 30.07% 18.02% 69.93% 
Totals 26.06% 26.06% 73.94% 
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SPOT - Four Category Classification 

Error Matrix 
Evaluated Image 

Vegetation Building Pavement Bare soil  Totals Targets 

Vegetation 37 1 14 35 87 1480 
Reference Building 1 1 42 0 1 54 665 

Image Pavement 3 1 99 3 1 134 1834 
Bare soil  49 9 19 104 181 2529 
Totals 100 53 132 171 456 6508 

Percent Observed Correct = 61.84% 
kappa coefficient = 
46.29% 

Errors of Omission and Commission 
Errors of Omission Errors of Commission Percent Observed Correct 

Vegetation 57.47% 72.41% 42.53% 
Building 22.22% 20.37% 77.78% 
Pavement 26.12% 24.63% 73.88% 
Bare soil  42.54% 37.02% 57.46% 
Totals 38.16% 38.16% 61.84% 

SPOT - Pervious/Impervious Classification 

Error Matrix 
SPOT Evaluated Image SPOT 

Impervious Pervious Totals Targets 

Reference 
Image 

Impervious 142 46 188 193733 Reference 
Image Pervious 43 225 268 459589 

Reference 
Image 

Totals 185 271 456 653322 

Percent Observed Correct = 80.48% 
kappa coefficient = 59.63% 

Errors of Omission and Commission 
Errors of Omission Errors of 

Commission 
Percent Observed Correct 

Impervious 24.47% 16.04% 75.53% 
Pervious 16.04% 24.47% 83.96% 
Totals 19.52% 19.52% 80.48% 
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Hydrologic Simulation Results 
RUNOFF* 

Event Rainfall  Observed Conven 2 meter 4 meter NHAP SPOT 
Date (avg.) -tional Video Video 

P Or Cfc a  Qs Q* Qs 

8/10/68 1.320 0.613 0.356 0.337 0.357 0.337 0.368 
8/19/68 1.060 0.228 0.247 0.222 0.238 0.229 0.255 
8/1/69 0.933 0.435 0.198 0.173 0.186 0.182 0.204 

7/20/70 0.952 0.364 0.205 0.180 0.194 0.189 0.212 
8/11/70 1.080 0.387 0.255 0.231 0.246 0.237 0.263 
8/3/71 0.849 0.187 0.168 0.143 0.155 0.153 0.173 
8/8/71 1.426 0.571 0.405 0.389 0.410 0.385 0.418 

8/19/71 1.012 0.220 0.228 0.203 0.218 0.211 0.235 
9/1/71 0.857 0.159 0.171 0.146 0.158 0.156 0.176 
8/5/72 0.62 0.070 0.095 0.076 0.084 0.085 0.098 

8/12/72 1.665 0.437 0.523 0.515 0.540 0.503 0.540 
10/4/72 0.687 0.142 0.115 0.094 0.102 0.103 0.118 
7/7/73 0.800 0.178 0.151 0.127 0.138 0.137 0.156 
7/19/74 0.767 0.142 0.140 0.117 0.127 0.127 0.144 

9/6/74 0.685 0.174 0.114 0.093 0.102 0.103 0.117 
7/12/75 1.040 0.265 0.239 0.214 0.229 0.222 0.247 
7/1 1/76 0.688 0.127 0.115 0.094 0.103 0.104 0.118 
9/10/77 0.610 0.061 0.092 0.074 0.081 0.083 0.095 
7/30/78 0.825 0.165 0.159 0.135 0.147 0.145 0.164 
8/12/79 0.770 0.285 0.141 0.118 0.128 0.128 0.145 
8/13/80 1.760 0.634 0.573 0.569 0.595 0.553 0.591 

8/23-24/80 0.700 0.144 0.119 0.097 0.106 0.107 0.122 
7/25/81 0.625 0.095 0.096 0.078 0.085 0.087 0.099 
8/2/82 1.110 0.280 0.267 0.243 0.259 0.249 0.275 

8/12-13/82 1.500 0.354 0.440 0.427 0.449 0.420 0.455 
8/23/82 0.860 0.243 0.172 0.147 0.159 0.157 0.177 

9/10/82 1.000 0.295 0.223 0.199 0.213 0.207 0.230 

8/8-9/83 0.740 0.114 0.131 0.109 0.118 0.119 0.135 
8/16-17/83 1.090 0.195 0.259 0.235 0.251 0.241 0.267 
7/17-18/85 0.740 0.151 0.131 0.109 0.118 0.119 0.135 
8/8-10/87 0.628 0.208 0.097 0.078 0.086 0.088 0.100 

mean ratio 0.900 0.784 0.844 0.828 0.928 
standard, deviation 0.262 0.234 0.249 0.242 0.271 

* P = 
Qr = 
Qs = 

Precipitation (in.)  
Observed Runoff (in.)  
Simulated Runoff (in.)  
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