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Abstract
Among the global Earth system changes, human-induced land-cover and land-use
changes (LULCC) play significant roles in sustainability of ecosystems. Suburban sprawl,
for example, is one of the major components of LULCC that develops urban impervious
surface area (ISA) across the landscapes. Increasing ISA is a major environmental issue
that has profound impacts on hydrology and climate. Coastal state of Rhode Island has
experienced problems associated with urban runoffs due to the alteration of ISA on the
landscape.
Precise and accurate coverage and location of ISA are key parameters in ISA related
environmental studies. Due to the limitations of existing coarse spatial resolution ISA
data and current methods for extraction of ISA from high spatial resolution remote
sensing imageries, this study developed an algorithm of multiple agent segmentation and
classification (MASC) to extract ISA information from high spatial resolution remote
sensing imageries. The MASC model includes submodels of segmentation, shadow-effect,
MANOV A-based classification, and post-classification. Based on the MASC model, this
study built the 1-meter high spatial resolution ISA dataset for the state of Rhode Island,
and revealed its spatial patterns. The result indicates that, as of 2004, 10% of the state
land has been covered by ISA. The major population centers and historical cities, such as
the Providence, Woonsocket, and Newport, have ISA over 30%. The heavily settled
suburban communities have ISA between 10% and 30%. Only 17 out of 39 towns in the
state have less than 10% ISA. The average ISA for the coastal towns is 14%. Because
most stream quality indicators are predicted to decline when watershed ISA exceeds 10%,

the results from this study serve as an alarming indicator for managing the state's
watershed and coastal ecosystems.
It is important to develop scientific basis for observing and modeling watershed
hydrologic dynamic with emphasis on how the hydrologic processes are affected by the
spatial heterogeneity of ISA, and to improve the understanding of influence of ISA on
hydrologic cycle in watersheds. This developed a distributed object-oriented rainfallrunoff simulation (DORS) model that enhances capability and performance ofhydrologic
modeling with incorporation of high spatial resolution ISA information. With the
innovative process of object-oriented spatial units, the DORS model can reduce data
volume, increase computational efficiency, strengthen representation of watersheds and
utilize the data in variable scales. The DORS model provides a framework to integrate
remote sensing data and the derived products in different scale for the simulation of
hydrologic process in a watershed. This study used USGS stream gaging data to validate
the temporal variation of simulated discharge within two watersheds. Ratio of absolute
error to the mean and Nash coefficient for the simulation period are 9.4% and 0.998 for
first watershed, and 12.6% and 0.80 for second watershed, respectively. The results
indicate that the model performs well for the purpose of modeling the runoff and base
flow in the complex watershed and the performance ofhydrologic simulation is improved
with the incorporation of high spatial resolution ISA.
Change of watershed hydrology is one of the most direct and important impacts from
increasing ISA. With the high spatial resolution ISA and developed DORS model this
study performed hydrologic simulation in twenty HUC-12 watersheds with various
degrees of urbanization in the state of Rhode Island. This study derived indicators of

hydrology pattern including ratio of runoff to base flow and discharge per area from
hydrologic simulations, and watersheds characteristics including percentage of ISA,
distance from ISA to streams and stream density. This study employed spatial error
model and spatial lag model, as well as regular regression model, to build the relationship
between watersheds characteristics and hydrology pattern. The results demonstrate that
ISA plays most important role in watershed hydrology compared with other indicators
and the spatial dependence in observations can not be neglected in the analyses.
The research results from this study, such as the developed classification model,
statewide ISA dataset, spatial pattern of ISA and relationship between watershed
characteristics and hydrology pattern, provide useful information for decision-making
activities related to watershed management.
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Chapter 1. Extraction of Impervious Surface Areas from High Spatial Resolution
Imageries by Multiple Agent Segmentation and Classification

(This Chapter is written in the format required for publication in the journal
Photogrammetric Engineering and Remote Sensing and was published in 2008, 74(7):

657-668)

Abstract:
In recent years impervious surface areas (ISA) have emerged as a key paradigm to
explain and predict ecosystem health in relationship to watershed development. The
ISA data are essential for environmental monitoring and management in coastal state
of Rhode Island. However, there is lack of information on high spatial resolution ISA.
In this study we developed an algorithm of multiple agent segmentation and
classification (MASC) that includes submodels of segmentation, shadow-effect,
MANOV A-based classification, and post-classification. The segmentation submodel
replaced the spectral difference with heterogeneity change for regions merging. Shape
information was introduced to enhance the performance of ISA extraction. The
shadow-effect submodel used a split-and-merge process to separate shadows and the
objects that cause the shadows. The MANOVA-based classification submodel took
into account the relationship between spectral bands and the variability in the training
objects and the objects to be classified. Existing GIS data were used in the
classification and post-classification process. The MASC successfully extracted ISA
from high spatial resolution airborne true-color digital Orthophoto and space borne

QuickBird-2 imageries in the testing areas and then was extended for extraction of
high spatial resolution ISA in the state of Rhode Island.

1. Introduction:
Impervious surface areas (ISA) are defined as any impenetrable material that prevents
infiltration of water into the soil. Urban pavements, such as rooftops, roads, sidewalks,
parking lots, driveways and other manmade concrete surfaces, are among impervious
surface types that featured the urban and suburban landscape. ISA has been considered
a key environmental indicator due to its impacts on water systems and its role in
transportation and concentration of pollutants (Arnold and Gibbons, 1996). Urban
runoff, mostly through impervious surface, is the leading source of pollution in the
Nation's estuaries, lakes, and rivers (Arnold and Gibbons, 1996; Booth and Jackson,
1997). A recently published watershed-planning model predicts that most stream
quality indicators decline when watershed ISA exceed 10% (Schueler, 2003). ISA
have also been recognized as an indicator of intensity of urban environment. With the
advent of urban sprawl ISA have been identified as a key issue in habit health (Brabec

et al., 2002). Quantification of the percentage of impervious surface in a landscape has
become increasingly important with growing concern of its impact on the environment
(Weng, 2001; Civco et al., 2002; Dougherty et al., 2004; Wang and Zhang, 2004).
There is lack of information on high spatial resolution ISA in the state of Rhode Island.
A previous study using Landsat remote sensing data revealed increasing urban landuse and land-cover (Novak and Wang, 2004) but was not able to obtain precise ISA
coverage with 30-meter pixel size.
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Conventionally, manual delineation through aerial photography has been used
to extract ISA information (Draper and Rao, 1986). For example, currently available
land-use and land-cover data for the state were developed based on manual
interpretation of 1987 and 1995 aerial photography data, respectively. However,
manual delineation is labor-intensive, prohibitively expensive for large area, and
difficult to keep the interpretation results consistent. In addition, ISA are not a separate
class in general purpose land-use and land-cover maps. ISA can be obtained from
classification of remote sensing data. Due to limitations of spectral mixing and spatial
resolutions, the accuracy of ISA extraction has always been challenging through
classification process. Therefore, efforts have been made to extract ISA from a variety
ofremote sensing data sources and through modeling. For example, sub-pixel methods
have been developed for urban land classification (Ji and Jensen, 1999; Lu and Weng,
2004). A SPLIT model was developed (Wang and Zhang, 2004) to obtain ISA
information through sub-pixel extraction by integration of Landsat TM and high
spatial resolution digital multispectral videography data. Although this method is
capable of extracting the percentage of ISA in mixed pixels, it is difficult to obtain a
precise spatial distribution and coverage of ISA as needed. Estimations of ISA through
the relationships between data from multiple sources have been used by the U.S.
Environmental Protection Agency (EPA) and other researchers (Sleavin et al., 2000;
Yang et al., 2003; Jennings et al., 2004; Yang, 2006). The difficulty of using these
methods is that the coefficient has to be established and validated for different study
areas. Also the same challenge of precise coverage and accurate location of ISA
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remains. Therefore, extraction of ISA from high spatial resolution remote sensing data
at meter or sub-meter level is in demand, particularly by planning agencies.
Although conventional pixel-based methods that have long been used for
classification of moderate or low spatial resolution satellite remote sensing data can be
used for classification of high spatial resolution data, the shortcomings are evident.
The most noticeable is that the pixel-based classification will produce more dramatic
salt-and-pepper effect due to the increased spatial resolution and noise level.
Furthermore, the spatial information such as neighborhood, proximity and
homogeneity can not be used sufficiently in these methods (Burnett and Blaschke,
2003). To resolve these problems and make sufficient use of spatial information from
high spatial resolution data, object-based classification has been developed (Baatz and
Schape, 2000; Shackelford and Davis, 2003). Object-based methods simulate the
process of human image understanding in feature extraction. It is especially suitable
for processing high spatial resolution images. In addition, other spatial information can
be integrated in the modeling process. Object-based classification has been used in
classification of high spatial resolution images and demonstrated the potentials
(Blascheke and Strobl, 2001; Walter, 2004 ). The commercial software, such as
eCoginition (@ Definiens Imaging, Germany), is among the first object-based systems,
and has been used for classification of high spatial resolution images (Wang et al.,
2004). Integration of high spatial resolution remote sensing and LID AR data to extract
impervious surface information has been studied (Hodgson et al., 2003). Three imageobject techniques, i.e., Fractal Net Evolution Approach, Linear Scale-Space, and
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Multiscale Object-Specific Analysis, were compared for analysis of landscape
structure (Hay et al., 2003).
An important step for object-based classification is to define regions in an
image corresponding to objects in a ground scene. Successful image segmentation is
the most important prerequisite (Baatz and Schape, 2000). The application of multiscale segmentation in landscape analysis was discussed (Burnett and Blaschke, 2003).
Segmentation algorithms, such as texture segmentation, watershed transformation and
mean shift, have been developed in the past (Woodcock and Harward, 1992; Li et al.,
1999; Comanicu and Meer, 2002; Hu et al., 2005), and a recent overview on image
segmentation was summarized (Blaschke et al., 2004). The segmentation results from
high resolution satellite imagery using several programs including eCognition,
InfoPACK and CAESAR were compared and evaluated (Meinel and Neubert, 2004).
As pointed by Baatz and Schape (2000), few of those methods lead to qualitatively
convincing results that are robust and under operational setting applicable. Some of
the methods are difficult for practical application because of the computing speed or
the accuracy (Woodcock and Harward, 1992). In segmentation objects are grouped
into larger homogeneous ones according to clustering cost functions. In many
segmentation algorithms using region growing, the entire process of image
segmentation is completed in a single pass. These methods may produce large
differences between pixels at opposite ends of a region. Woodcock and Harward (1992)
developed a multiple-pass algorithm to extract forest information from Landsat TM
data. This algorithm improved the segmentation of images from scenes better modeled
as a nested hierarchy and achieved reasonable accuracies with the consideration of
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local best fitting and merging coefficient. The three advantages of this algorithm are as
follows (Woodcock and Harward, 1992). First, it allows slow and careful growth of
regions while inter-region distances are below a global threshold. Second, a minimum
region size parameter can merge the regions with high variances. Third, maximum and
variable region size parameters limit the merge of undesirable large regions. This
approach can limit the rate of region growing in order to avoid the decision errors that
arise as region centroids change due to premature segmentation merges (Woodcock
and Harward, 1992). The mutual nearest neighbor principle used in the multiple-pass
technique can produce more accurate region boundaries. However this algorithm was
developed to process remote sensing data at 30-m spatial resolution. Further
modification is necessary when dealing with high spatial resolution remote sensing
imagery at meter or sub-meter levels. For example for high spatial resolution imagery,
the shape information is an important measure in image segmentation and objectbased classification, but it was not considered in the multiple-pass algorithm.
The classifiers used in the pixel-based classification can still be used in objectbased methods. For example fuzzy logic is commonly used in object-based
classification (Shackelford and Davis, 2003; Baatz et al., 2004; Benz et al., 2004). In
order to use fuzzy logic, a rule-base must be established first. Subjective factors can be
introduced in the process. Minimum distance and maximum likelihood are reliable
classifiers and often used to make comparisons with other algorithms (El-Magd and
Tanton, 2003; Reguzzoni et al., 2003; Wang et al., 2004). Minimum distance classifier
can be used to build a rule base in fuzzy logic classification. Maximum likelihood
classifier is a better one and more useful when prior knowledge is available and

6

statistic criteria are taken into account. In some pixel-based classifiers, such as the
maximum likelihood, the variability and relationship between spectral bands of the
training pixels are considered. However such information would not be available for a
single pixel to be classified in these methods. In most of the existing object-based
methods, such information was not considered. Therefore, it will be helpful for an
object-based classification to include this type of information.
In this paper we developed a synthetic algorithm of multiple agent
segmentation and classification (MASC) for extraction of ISA. The added shape
information enhanced the multiple pass segmentation. The variability and relationship
between spectral bands of the objects improved the classification accuracy. With GIS
supported post-classification process, more precise ISA extraction was achieved from
high spatial resolution remote sensing data. MASC allows us to modernize and
enhance the existing GIS database and add new ISA data for the statewide GIS system,
and to demonstrate a model that can be replicated for statistical and graphic
comparison of ISA data from high spatial resolution remote sensing data.

2. Methods
2.1 Data Sources and Process

The state of Rhode Island is very much interested in searching for different
methodologies and data sources to extract precise ISA information for the state,
including using true-color digital Orthophoto data and Quick.Bird-2 satellite imagery.
The true color Orthophoto dataset used in this study was acquired in 2003 by the
Statewide Planning Program (SPP) through the National Agricultural Imagery
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Program (NAIP). This I-meter ground sample distance ortho rectified imagery dataset
has a horizontal accuracy of within+/- 3 meters of reference digital ortho quarter
quads (DOQQS) from the National Digital Ortho Program (NDOP). The ortho images
are projected into Rhode Island State Plane Coordinate System with zone 3800 in U.S.
Survey feet. The resulting spatial resolution in this coordinate system is 1 meter (3.28
feet). The dataset has red, green and blue bands and is distributed in GeoTIFF format
(Plate la).
We also used the QuickBird-2 satellite data acquired on April 29, 2005 as the
testing dataset. The QuickBird-2 image data were acquired for quantifying and
identifying landscape characteristics related to impervious surface in a selected portion
of the state. QuickBird-2 image data possess 0.6-m spatial resolution on the
panchromatic band and 2.5-m spatial resolution on the multispectral bands. The image
data were projected to the same map coordinates as ortho rectified true-color aerial
photos. Spatial resolution enhancement was performed through resolution merge of
multispectral bands and sub-meter panchromatic band of QuickBird-2 imagery. After
resolution merge the new dataset possesses 0.6-m spatial resolution with 4 spectral
bands covering the visible and near IR spectrum (Plate 1b).
Texture information is helpful for the definition of regions that have different
levels of internal variance (Woodcock and Harward, 1992). We used a 3 x 3 window
to extract the texture information of variance as one of the features in the segmentation
process. We focused on two categories ofISA and non-ISA only for the classification
process.
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We selected a subset area of the northern part of Narragansett in the coast of
Rhode Island (Plate 1c) as a primary testing area for algorithm development. This is a
typical suburban community with intensive urban development. Residential and
commercial areas are the representative landscapes. ISA are a major concern of this
community in terms of watershed management and environmental monitoring. In
addition, we selected 6 testing sites for MASC algorithm validation. Each site has
different percentage of ISA cover in the southern coastal areas of the state. The
locations of these testing sites are shown in Plate ld. The Orthophotos and QuickBird2 images of these testing sites are shown in Plate 2.

2.2 Multiple Agent Segmentation
The technical flow of the MASC algorithm is illustrated in Figure 1. We modified the
multi-pass algorithm to accommodate the use of high spatial resolution digital
imageries due to the finer pixel size and shadow effect. We developed a multiple agent
segmentation submodel (Fig. la) that included spectral, texture and shape agents in
this study and incorporated the shape information by heterogeneity change in place of
spectral difference as the cost function for merging the regions. In the original
multiple-pass algorithm, decision to merge two regions is based on the distance of
channels in spectral space. In this study we used change of heterogeneity, i.e.,
combination of shape and spectral information to determine the merge of two regions.
There are different possibilities to describe the change of heterogeneity before and
after a merge. A common method for heterogeneity change is as follows.
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The overall heterogeneity change

hchange

includes spectral, texture and shape

agents.
m+l+2
hchange

= A~I W A(nobjl • (hA,m - hA,objl) + nobj2 • (hA,m -hA,obJ2))

(1)
where
hA,m

hchange

is the overall change of heterogeneity when two regions are merged;

is a heterogeneity of the merged region for the agent A;

hA,obJI

and

hA,obJ 2

are the

heterogeneities for two regions being merged for the agent A; n0 bJI and n0 b12 are the
number of pixels in each of the two regions being merged; and wA is the weight for
each heterogeneity measure for the agent A (Shackelford and Davis, 2003; Baatz et al.,
2004). The agent can be spectral, texture, shape, color or other features.
In this study, we used three spectral channels from the true color Orthophoto
as A= 1, 2, 3 (i.e., m=3, representing the number of spectral bands) for the
heterogeneity measures described in Eq. (1). We used the 4th channel (A=4) for the
texture component, and the 5th and 6th channels (A=5, 6) for the shape components.
For dealing with the multispectral QuickBird-2 data, we used four spectral
channels as A=l, 2, 3, 4 (i.e., m=4) for the heterogeneity measures described in Eq. (1).
We used the 5th channel (A=5) for the texture component and the 6th and 7th channels
(A=6, 7) for the shape components.

The multiple pass algorithm can produce segmentations with minimal error
by allowing merging to occur. In this merging process at least spectral average
heterogeneity of all image objects will increase. An image region is merged with the
adjacent image region to produce minimum increase of heterogeneity. As for the
adjacent regions, we adopted a 4-way method (Woodcock and Harward, 1992).

IO

In the segmentation submodel, a merge process starts from single pixel objects
and merges the small objects pairwise into larger ones. The ideal algorithm for a
heterogeneity change metric ~ h( obj 1,obj2) for two regions was modified because
only one merge per stage was allowed. The computing time is an important
consideration for high spatial resolution remote sensing images. The multiple pass
algorithm allows multiple merges per pass to minimize both the computing time per
pass and the overall number of passes and keeps a minimum error of merging at the
same time. In order to minimize the merging error and to improve the merging
efficiency, two techniques were introduced, i.e., local mutual best fitting and merge
coefficient (Cm) (Woodcock and Harward, 1992). The merge coefficient is used to
calculate a histogram threshold for each pass. If nregrepresents the current number of
regions, the smallest heterogeneity changes for all nregregions are calculated and
ordered. The new histogram threshold (Th) is the heterogeneity change below which
Cmxnregordered heterogeneity changes lie. Therefore, there are two thresholds: global
threshold (Tg) and Th. The pass threshold (Tp) is defined as the minimum ofTg and Th
(Woodcock and Harward, 1992).
For Orthophoto and QuickBird-2 imageries in this study we used 2000 for the
Tg; 0.95 for the Cm. We used 0.8 and 0.2 of

wA

for spectral and shape components,

respectively. We derived this set of parameters from the experiments on all of the
testing images.
The shadows caused by tall vertical objects such as tree crowns are
unavoidably associated with high spatial resolution imageries. The multiple pass
algorithm had difficulty to differentiate shadowing areas. For example, tree crowns
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and shadows are always connected, overlapped, and hold insignificant spectral
difference among them (Fig. 2a). As the conventional multipass algorithm could not
separate the tree crown and the ISA covered by the crown for the reason of spectral
similarity (Fig. 2b), we developed a split-and-merge method that is imbedded in the
shadow effect submodel for dealing with those types of mixed regions. The procedures
of a shadow-effect submodel are illustrated in Figure 1b. First, the mixed regions are
identified based on the spectral feature of these regions. The mixed regions are
separated into single pixels and then the multiple pass algorithm is applied. A global
threshold for this new segmentation was assigned a small value. The trees crowns and
the shadows were segmented and the separated regions were identified (Fig. 2c).
Finally, the process of region constraint in the multiple pass algorithm was applied in
the segmentation. In this study we used 80 for the Tg in shadow-effect submodel based
on the experiments in the testing images.

2.3 Classification and Post-classification
As a successfully segmented image was obtained after the initial and additional
segmentation processes, the next step was to assign a class label to each of the regions
on segmented image through a classification process. This process is shown in Figure
le as the classification submodel. We developed a new classifier on the segmented
image in which the relationship between spectral bands and the variability in the
training objects and those objects to be classified were taken into account.
This process allowed more information to be exploited in the single object. For
example, in the maximum likelihood classification the variance and co-variance
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matrices of the training samples are used. In most of the existing object-based
classification methods, the information of each spectral band is analyzed separately. If
the observations were uncorrelated, these methods would be powerful. However, since
spectral bands in remote sensing data are correlated, we developed a MANOVA-based
algorithm that used the spectral distance to exploit such correlations. This would
improve the result from univariate analysis which ignored the correlations among
spectral bands and assumed independence of response variates. We used following
distance equation (Eq. 2) in the MANOV A-based classification algorithm.

(2)

Where n1 and n2 are the numbers of the pixels in the object to be classified
and training object;

x1

and

x2

are the mean spectral vectors of the object to be

classified and training object; SP is the pooled covariance based on two objects; pis
the bands; T 2 is the distance between two objects; and T 2 adJ is the distance with the
consideration of the bands and pixels numbers.
Because of the special characteristics in the remote sensing data, a hypothesis
test based on F distribution in MANOVA is difficult to apply. We used Equation 3 to
describe the quality of the classification result.
(3)
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where,

Dmin

is the minimum distance for all of the object classes; n is the number of

the training samples; D; is the distance for each of the object class; and Q is the
quality index. The lower the index, the higher the classification quality.
With added new training signals, the mean of quality index of the entire image
scene decreased and reached a low level (Fig. 3). We then applied a repeating
algorithm based on the quality index. When the mean of quality index for the entire
image is lower than the previous mean, a new object signal which has the largest
quality index in the image was added into the training clusters. The classification
stopped if the mean of quality index with the added signal was larger than the previous
one.
The process was carried out as follows. Firstly, the training samples for 5 main
categories of ISA, forest, grass, soil and water were established. Each category has
several sub-categories. New sub-categories were added into the training samples based
on the repeating algorithm, and these new samples were combined into the existing
sub-categories or assigned new classes. After that the obtained classification result
was recoded into ISA and non-ISA. We then used the ratio of the border length of the
regions classified as shadow that are adjacent to impervious surface areas with all the
border length to separate shadow covered ISA and other land cover types. This ratio
varies with the sun azimuth and elevation angles. We derived the threshold for this
ratio from a series of tests across the testing areas.
Upon finishing the classification we used the existing GIS data through a postclassification to extract ISA (Fig. ld) that were still not be identified through the
process. For example, some of the road segments are completely covered by tree
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crowns and are impossible to be separated on high spatial resolution imagery. We used
a rasterized GIS transportation data as a reference to identify the road networks and
integrated the road data with output from the classification submode! to obtain the
final ISA coverage. The post-classification warrants that the connected ISA is not
interrupted and the final result represents the best information from both high spatial
resolution remote sensing and GIS data.

2.4 Extending the Algorithm to the Entire State
State of Rhode Island, except the Block Island is covered by 113 scenes of digital
Orthophotos with 1-meter spatial resolution (Plate 1d). In order to extract the ISA for
the entire state efficiently and quickly, we developed an automatic approach based on
batch process and applied it on the segmentation and classification. Firstly, the
segmentation for this dataset was carried out using the same set of the parameters as
the testing areas. With this process, 113 segmentation images were obtained. Secondly,
the objects of training samples for certain land cover types were selected from this
dataset. We compared and checked the data according to the covariance matrix of each
object, and used the samples with smaller covariance. With this process we obtained
the objects of training samples for each land cover type. Finally, an automatic
approach was developed for the classification based on the batch process, and the
results were recoded into ISA and non-ISA. The post-classification submode! was then
applied to obtain the high spatial resolution ISA covers for the entire state.

3. Results
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The ISA extracted by different methodologies are illustrated in Figure 4. Visual
comparison of the classification results reveals the differences between ISA from
pixel-based algorithm and the MASC algorithm. Conventional pixel-based
classification shows the salt-and-pepper effect in the testing area (Fig. 4a) and an
enlarged subset using Orhtophoto (Fig. 4b), as well as using QuickBird-2 image (Fig.
4c). The MASC algorithm treated groups of pixels as the classification targets and
achieved more accurate ISA coverage. The result in the testing area from the MASC
algorithm is shown in Figure 4d, as well as the results derived from digital Orthophoto
(Fig. 4e) and QuickBird-2 image (Fig. 4f) in the enlarged subset.
Because of the differences between object-based and pixel-based
classifications, different accuracy assessments have been conducted (Herold et al.,
2002; Hay et al., 2003; Shackelford and Davis, 2003). We used random point
sampling method to evaluate the classification accuracies in comparison between
different classification methods on Orthophoto and QuickBird-2 data. We selected 200
samples and examined the classification accuracies for the ISA and non-ISA only. The
confusion matrix indicates that the pixel-based classification achieved 86.5% overall
accuracy using Orthophoto (Table 1). The producer's and user's accuracies are 82.1%
and 78.6% for the ISA, and 88.7% and 90.8% for the non-ISA categories, respectively.
The Kappa coefficient is 0.70. The MASC algorithm achieved a 92.5% overall
accuracy using Orthophoto (Table 2). The producer accuracies are 82.1% and 97.7%
for ISA and non-ISA categories. The user accuracies are 94.8% and 91.6%,
respectively, with a 0.8259 Kappa coefficient. The pixel-based classification achieved
87.5% overall accuracy using QuickBird-2 (Table 3). The producer accuracies are

16

70.6% and 93.3% for ISA and non-ISA categories. The user accuracies are 78.3% and
90.3%, respectively, with a 0.66 Kappa coefficient. The MASC algorithm achieved a
94% overall accuracy using QuickBird-2 (Table 4). The producer accuracies are
82.4% and 98% for ISA and non-ISA categories. The user accuracies are 93.3% and
94.2%, respectively, with a 0.8357 Kappa coefficient. The results indicate that the
MASC algorithm performed better than pixel-based classification in ISA extraction
from high spatial resolution data.
We also evaluated the ISA extractions for the 6 selected validation areas for
both Orthophoto and QuickBird-2 datasets using the MASC algorithm. The
comparisons of the classification results are illustrated in Figure 5.
The result of extracted high spatial resolution ISA for the entire state is
illustrated in Figure 6. As the first set of precise statewide ISA data, the map reveals
the spatial distribution of ISA, in particular along the coastal line.

4. Conclusion and Discussion
This study developed a MASC algorithm that included submodels of segmentation,
shadow-effect, MANOV A-based classification, and post-classification. A nestedhierarchical model approach was used in the multiple pass algorithm. The
segmentation submodel replaced the spectral difference with parameters of
heterogeneity change for merging regions. The shape information was introduced in
the segmentation submodel to enhance the performance of ISA extraction. In high
spatial resolution images, particular in suburban settings, it is unavoidable that some
of the ISA are covered by shadows of trees or buildings. The shadow-effect submodel
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used a split-and-merge process to successfully separate shadows and the objects that
cause the shadows. The classification submode! used the MANOVA-based classifier
so that the variability within the object and the relationship between the spectral bands
were taken into account. For those areas that are completely covered by dense tree
crowns GIS-based post-classification submode! enabled the improvement of the ISA
extraction.
Compared with the pixel-based method, the MASC algorithm achieved more
precise and accurate information on ISA distribution. It eliminated the salt-and-pepper
effect that is observable in the result from pixel-based method. In the MASC
algorithm spatial information such as neighborhood, proximity and homogeneity can
be used effectively in the classification process. Fewer training samples are needed for
this algorithm since each sample region contains multiple pixels and their spectral
variations.
In pixel-based methods, the variability and relationship between spectral bands
of the training samples are taken into account in some classifiers such as maximum
likelihood. There was no such information for a single pixel in the pixels to be
classified in those methods. In most of the existing object-based methods, the
relationships between different spectral bands were not considered. Because of the
correlations among different spectral bands in remote sensing data, it is helpful to
exploit this relationship information in the data process. The MANOV A-based
algorithm exploits the correlations of the spectral bands to explain the spectral
distance between the training objects and those to be classified. In the MANOVAbased classification submode!, a quality index was established to measure the
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classification quality. With this index and the repeating algorithm, the appropriate
number of classes can be derived to get the best classification.
The MASC algorithm is successful in extraction of ISA from high spatial
resolution airborne true color digital Orthophoto, as well as from space borne
multispectral image. True color Orthophoto data are more common among state
agencies and have been widely used by the general public. The QuickBird-2 data have
advantages in multispectral coverage. The digital Orthophoto data and spatially
enhanced QuickBird-2 data possess comparable spatial resolution. The results from
multiple testing areas, as well as from the entire state with different landscape and ISA
characteristics verified that this algorithm is applicable and robust. Therefore, the
MASC algorithm can meet the requirements in high spatial resolution ISA extraction.
The achieved ISA data should be the first statewide high spatial resolution and
precise ISA distribution that are available for the environmental impact studies. The
data are also valuable in ecological and hydrological modeling to determine the
impacting effects of land use patterns on the coastal environment and watersheds.
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Plate Captions
Plate 1. An example of true color digital Orthophoto with 1 meter spatial resolution (a);
An example ofresolution merged QuickBird-2 image with 0.6 meter spatial resolution
and displayed as bands 3, 2, 1 in RGD (b); The subset of true color Orthophoto for
algorithm development (c); and the locations of 6 selected testing sites for algorithm
validation (d).

Plate 2. Comparisons between true color Orthophotos (top) and QuickBird-2 images
(bottom) of the 6 selected testing sites for extraction of ISA in suburban environment.

Figure Captions
Figure 1-1. The flowchart of ISA extraction modeling: a) segmentation submodel; b)
shadow-effect submode!; c) classification submodel; and d) post classification
submodel.

Figure 1-2. a) An example of spectral similarity of tree crowns and the shadow in a
true color Orthophoto; b) the result of image segmentation without considering the
shadow effect, in which shadow covered ISA could not be separated from tree crowns
that caused the shadows; c) the result of segmentation using the shadow-effect
submode!.
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Figure 1-3. The quality indices from the 6 testing sites in Orthophoto (a) and
QuickBird-2 images (b) responding to the added signals.

Figure 1-4. Extraction ofISA from pixel-based method using true color Orthophoto
((a) and (b)); results from MASC algorithm using true color Orthophoto ((d) and (e));
result from pixel-based method using QuickBird-2 imagery (c); and result from
MASC algorithm using QuickBird-2 imagery (f).

Figure 1-5. Comparison ofISA extraction for the 6 selected testing areas from
Orthophotos (top) and QuickBird-2 images (bottom).

Figure 1-6. Result of high spatial resolution ISA extraction for the state of Rhode
Island.
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Table 1-1. The confusion matrix by pixel-based classification using Orthophoto.

Reference

ISA

Non-ISA

Row Total

User's Accuracy%

ISA
Non-ISA

55
12

15
118

70
130

78.6
90.8

Column Total

67

133

200

82.1

88.7

Algorithm Result

Producer's Accuracy%

Kappa Value= 0.70
Overall Accuracy= 86.5%

22

86.5

Table 1-2. The confusion matrix by MASC algorithm using Orthophoto.

Reference

ISA

Non-ISA

Row Total

User's Accuracy%

Non-ISA

55
12

3
130

58
142

94.8
91.6

Column Total

67

133

200

82.1

97.7

Algorithm Result
ISA

Producer's Accuracy%

Kappa Value= 0. 8259
Overall Accuracy= 92.5%

23

92.5

Table 1-3. The confusion matrix by pixel-based classification using QuickBird-2
imagery.

Reference

ISA

Non-ISA

Row Total

User's Accuracy%

ISA
Non-ISA

36
15

10
139

46
154

78.3
90.3

Column Total

51

149

200

70.6

93.3

Algorithm Result

Producer's Accuracy%

Kappa Value = 0.66
Overall Accuracy= 87.5%

24

87.5

Table 1-4. The confusion matrix by MASC algorithm using QuickBird-2 imagery.

Reference

ISA

Non-ISA

Row Total

User's Accuracy%

ISA

42

3

45

93.3

Non-ISA

9

146

155

94.2

Column Total

51

149

100

82.4

98.0

Algorithm Result

Producer's Accuracy %

Kappa Value= 0.8357
Overall Accuracy = 94 %

25

94

(c)

(d)

Plate 1-1. An example of true color digital Orthophoto with 1 meter spatial resolution
(a); An example ofresolution merged QuickBird-2 image with 0.6 meter spatial
resolution and displayed as bands 3, 2, 1 in RGD (b); The subset of true color
Orthophoto for algorithm development (c); and the locations of 6 selected testing sites
for algorithm validation (d).
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Site 1

Site 4

Site 2

Site 5

Site 3

Site 6

Plate 1-2. Comparisons between true color Orthophotos (top) and QuickBird-2 images
(bottom) of the 6 selected testing sites for extraction ofISA in suburban environment.
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a. Segmentation Submode!
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b. Shadow-effe::t
Submode!

c. Classification
Submode!
Final.
Ser;tN>nted
Image

d. Post.Classification
Submode!
Transpo,hlion
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Process

Fi.ml !SA
, Distribution

fiml Segmented
Image

Segmented Image

Figure 1-1. The flowchart of ISA extraction modeling: a) segmentation submode!; b)
shadow-effect submode!; c) classification submode!; and d) post classification
submode!.
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(b)

(c)

Figure 1-2. a) An example of spectral similarity of tree crowns and the shadow in a
true color Orthophoto; b) the result of image segmentation without considering the
shadow effect, in which shadow covered ISA could not be separated from tree crowns
that caused the shadows; c) the result of segmentation using the shadow-effect
submodel.
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Figure 1-3. The quality indices from the 6 testing sites in Orthophoto (a) and
QuickBird-2 images (b) responding to the added signals.
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Figure 1-4. Extraction ofISA from pixel-based method using true color Orthophoto
((a) and (b)); results from MASC algorithm using true color Orthophoto ((d) and (e));
result from pixel-based method using QuickBird-2 imagery (c); and result from
MASC algorithm using QuickBird-2 imagery (f).
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i.

Figure 1-6. Result of high spatial resolution ISA extraction for the state of Rhode
Island.
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Chapter 2. An Assessment of Impervious Surface Areas in Rhode Island

(This Chapter is written in the format required for publication in the journal
Northeastern Naturalist and was published in 2007, 14(4): 643-650)

Abstract - Impervious surface area (ISA) has emerged as a key indicator to explain
and predict ecosystem health in relationship to watershed development. In this study
we extracted the information of ISA for the state of Rhode Island using 1-m spatial
resolution true-color digital orthophotography data. We employed an object-oriented
algorithm of multiple agent segmentation and classification (MASC) that we
developed for ISA information extraction. The result indicates that, as of 2004, 10% of
the state land has been covered by ISA. The major population centers and historical
cities, such as the Providence, Woonsocket, and Newport, have ISA over 30%. The
heavily settled suburban communities have ISA between 10 and 30%. Only 17 out of
39 towns in the state have less than 10% ISA. The average ISA for the coastal towns is
14%. Because most stream quality indicators are predicted to decline when watershed
ISA exceeds 10%, the results from this study serve as an alarming indicator for
managing the state's watershed and coastal ecosystems. The tested MASC model
could be extended to coastal Massachusetts and Connecticut to provide a more
comprehensive indication of the impacts of human-induced land-cover change on
southern New England's coast.
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1. Introduction

Impervious surface area (ISA) has emerged as a key indicator to explain and
predict ecosystem health in relationship to watershed development. By definition,
urban pavements, such as rooftops, roads, sidewalks, parking lots, driveways, and
other manmade concrete surfaces, are among impervious surface types. ISA has been
considered a key environmental indicator due to its impacts on aquatic systems and its
role in transportation and concentration of pollutants (Arnold and Gibbons 1996).
Urban runoff, mostly over impervious surface, is the leading source of pollution in
U.S. estuaries, lakes, and rivers (Arnold and Gibbons 1996, Booth and Jackson 1997).
A recently published watershed-planning model predicts that most water quality
indicators for streams decline when the watershed ISA exceeds 10% (Schueler 2003).
Bordered by Connecticut in the west and Massachusetts in the north, Rhode Island
is a heavily settled coastal state. Narragansett Bay extends into the capital city of
Providence and connects the developed coastal shoreline with the open ocean. The
landscape of Rhode Island is typical of a developed southern New England state. As a
result of urban development, Rhode Island experiences problems caused by urban
runoffs.
Assessment of the quantity of ISA in landscapes has become increasingly
important with growing concern of its impact on the environment (Civco et al. 2002,
Dougherty et al. 2004, Wang and Zhang 2004, Weng 2001). ISA for the state of
Rhode Island can be extracted from an existing dataset derived from classification of
Landsat images at 30-m spatial resolution (Novak and Wang 2004). However, there is
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lack of information at finer spatial resolution for more precise measurements of ISA
distribution in the state.
Using the most recent airborne digital orthophotos available at the Statewide
Planning Program, we employed a multiple agent segmentation and classification
(MASC) algorithm (Zhou and Wang 2007) to extract high spatial resolution ISA for
the state. The MASC algorithm includes submodels of segmentation, shadow-effect,
Multivariate Analysis of Variance (MANOV A)-based classification, and postclassification. Riparian zones are important in hydrology, ecology, and environmental
management because of their relationship with soil conservation, biodiversity, and
water quality. With urban development, ISA along and near the riparian zones has
been increasing quickly. Also ISA along transportation lines has greater environmental
impacts than isolated ISA (Brabec et al. 2002). Therefore, we created five buffer zones
along the major rivers and roads to summarize the spatial distribution and patterns of
ISA in the state.

2. Methods

2.1 Data preparation
The Rhode Island Statewide Planning Program acquired a set of true-color digital
orthophotographs between 2003 and 2004 through the National Agricultural Imagery
Program (NAIP). This ortho-rectified imagery dataset with 1-m ground sample
distance has a horizontal accuracy of within +/- 3 m of reference digital ortho quarter

quads (DOQQS) from the National Digital Ortho Program. The ortho images are
projected into Rhode Island State Plane Coordinate System with Zone 3800 in U.S.
36

Survey feet. The resulting spatial resolution of the dataset is 1 m (3.28 feet). The
dataset has spectral bands of red, green and blue light and distributed in GeoTIFF
format (Fig. la). As texture information can be helpful for spatial information
definition, we used a 3x3 pixel window to extract the variance as one of the features in
the image segmentation process.

2.2 MASC algorithm for ISA extraction

The MASC algorithm includes submodels of segmentation, shadow-effect,
MANOVA-based classification, and post-classification (Zhou and Wang 2007).
Segmentation defines regions in an image corresponding to objects in a ground scene.
Successful image segmentation is the most important prerequisite in object-oriented
classification (Baatz and Schape 2000). In the segmentation submodel, the added
shape information enhanced the performance of the multiple-pass segmentation
algorithm that has been used in object-oriented classifications (Woodcock and
Harward 1992). It is typical that tall objects such as buildings and trees cause
shadowing effects in high spatial resolution remotely sensed images. Therefore, the
shadow-effect submodel used a split-and-merge process to separate shadows and the
objects that cause the shadows. In order to conduct an information-enhanced image
classification, the MASC imbedded a MANOV A-based classification submodel to
incorporate the relationship between spectral bands and the variability in the training
objects and the objects to be classified. Different types of ISAs were treated as
corresponding objects. In the final class map we focused only on two categories: ISA
and non-ISA. For suburban areas, dense tree canopies unavoidably cover some ISAs
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such as the road segments in orthophotos, which makes direct extraction of ISA
impossible. With a GIS supported post-classification process, we employed the 1995
transportation data from the Rhode Island Geographic Information System (RIGIS) to
recover missing segments of ISA caused by the shadows.
It took 113 scenes of orthophotos to cover the entire state of Rhode Island
excluding Block Island (Fig. la). The 113-scene dataset covers 38 out of the 39 towns
of the state, except for the township of New Shoreham on the Block Island. In order to
extract the ISA for the state efficiently, we developed a batch process algorithm and
applied it on the segmentation and classification process. First, the algorithm
segmented these image scenes using a set of the parameters. Second, we performed a
pre-classification stratification according to the 1995 land-cover and land-use data
from the RIGIS and selected the training objects of certain land-cover types for each
subset from the pre-classification stratification. The training samples included 5 main
categories: ISA, forest, grassland, bare soil, and water. Each category has several
subcategories. For example, black asphalt cover and concrete pavement with different
spectral features were treated as subcategories of ISA. We compared and checked
these training data according to the covariance matrix of each object and used the
samples with smaller covariance. Upon finishing classification we recoded the results
of categories into ISA and non-ISA. Finally, we applied the post-classification
submodel to integrate GIS data and the classification result to obtain the high spatial
resolution ISA cover for the state.

2.3 Pattern analysis
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In order to evaluate the spatial unevenness of ISA distribution, we calculated the
ISA percentage in the coastal towns (i.e., the towns with coastal shorelines) and inland
towns separately using the ratio of ISA areas and total areas of coastal towns and
inland towns (Fig. la). To understand the spatial patterns ofISA in riparian zones and
on road sides, we built five buffers of 15-, 60-, 120-, 300-, and 600-m along the major
rivers and roads, respectively, for the coastal towns based on RIGIS data. We
compared the percentage ofISA within different buffer zones along major rivers for
17 out of the 20 coastal towns. The 3 excluded coastal towns have no major rivers.

3. Results

3.1 ISA in Rhode Island
The results indicate that among 3 8 townships in Rhode Island that the digital
orthophoto covered, the 5 towns of Central Falls, Newport, North Providence,
Providence, and Woonsocket have ISA 2 30%. The 5 towns of Bristol, East
Providence, Pawtucket, Warwick, and West Warwick have ISA between 20% and
29%. Twelve towns have ISA between 10% and 19%. Even without orthophoto data,
field knowledge suggests that New Shoreham on Block Island has less than 10% ISA
cover. Therefore only 17 towns in the state have ISA less than 10% (Table 1). Overall,
10% of the land in Rhode Island is covered by ISA (Fig. 1b). Enlarged examples of
the orthophoto and extracted ISA for the town of Westerly illustrate in detail the
spatial distributions ofISA (Fig. le and Id).
We used random point sampling method to evaluate the classification accuracies.
We selected 200 samples in Rhode Island and examined the classification accuracies
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for the ISA and non-ISA only. The overall accuracy for the correctness of extracted
ISA is 92.5% and the Kappa coefficient is 0.85 (Table 2). We also examined the
Producer's and User's accuracy, which are defined as the ratio of numbers of pixels
correctly classified for a certain category and total numbers of ground reference pixels
for that category, and the ratio of numbers of pixels correctly classified for a certain
category and total numbers of pixels classified at that category, respectively. The
results show that Producer's and User's accuracies are 86.5% and 97.7% for the ISA,
and 98.1 % and 88.7% for the non-ISA categories.

3.2 Pattern of ISA distribution
The results show that ISA distributions are spatially uneven in the state. ISA is
more extensive along the coastal areas than that in the interior areas (Fig. 1b). The
areas of major population centers and historical cities, such as the Providence,
Woonsocket and Newport, have the highest percentage of ISA. The heavily settled
suburban communities have ISA between 10 to 30%.
Comparisons of the percentage of ISA in inland areas and coastal areas along the
eastern and southern coast zones (Fig. la) reveal the spatial patterns of ISA cover in
these areas. The average ISA for the coastal and inland towns are 14% and 7%,
respectively (Table 1).
Calculated ISA percentage increases with buffer areas from 15-m to 600-m along
the major rivers (Fig. 2). The exception is the town of Westerly (No. 11 in Fig. 2),
where the ISA shows a decreasing trend with increased buffer sizes. This is because
Westerly has only a very limited area covered by buffers along rivers. The decreasing

40

trend should not reflect the real pattern of ISA cover within the entire township. The
result illustrates that, in general, areas closer to rivers are less covered by ISA. This
may indicate that floodplains and other riparian environments have received some
protection from zoning and wetland regulations.
Different from the patterns observed for the riparian zones, the percentage of ISA
along the major roads shows a decreasing trend with the increasing buffered areas
from 15 to 600 m (Fig. 3). This indicates that most of the ISA is distributed along the
road networks. Furthermore, ISA percentage decreased to the average level within the
entire township as the buffer size increased to 600 m.

4. Discussion

Impervious surface area has been used as an indicator for environmental impacts
of urbanization by a variety of research and education programs in the southern New
England region. ISA impacts in watersheds can become very costly in terms of water
quality and quantity. The National Nonpoint Education for Municipal Officials
(NEMO) project and the Watershed Watching programs in Rhode Island, among
others, all rely on information of ISA and its relationship to water systems to inform
better community planning.
Previous studies in Rhode Island and Connecticut employed Landsat TM and ETM
satellite remote sensing data at a 30-m spatial resolution to quantify ISA. The results
indicated an increasing trend in ISA cover in southern New England coastal areas
(Center for Land use Education and Research 2003, Novak and Wang 2004). In Rhode
Island, ISA increased 43% between 1972 and 1999, six times faster than population
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growth (Rhode Island Economic Policy Council 2006). The increase of ISA consumed
large areas of forests, which are critical to the health of watersheds. The forests curb
the effects of soil erosion and floods, purify the air, and help moderate changes in
climate. The increase of ISA caused forest fragmentation as well. It is a concern
because larger forests often provide the greatest environmental benefit. While Rhode
Island lost 18,000 acres of forest land from 1972 to 1999, the remaining forests are
being increasingly fragmented due to increase of ISA (Rhode Island Economic Policy
Council 2006).
Riparian zones are important in hydrology, ecology, and environmental
management. The results from buffer analysis indicate that ISA percentage increases
with increasing buffer sizes along the major rivers. Road networks are major factors in
contributions of urban runoff and associated pollutants. As further evidence for the
impacts of roads on adjacent ecosystems, the results indicate that the percentages of
ISA are the highest within the nearest buffer along road networks.
Although middle spatial resolution ISA information in New England states are
available, ecosystem modeling and management decision require more precise
information on ISA distribution. The results from this study fill in the data gap and
research need for precise spatial distribution and quantification. This study developed
a high spatial resolution ISA dataset for Rhode Island, which is valuable for land
management, planning, and for ecological and hydrological modeling to determine the
effects of urban development on coastal environments and watersheds. Because true
color orthophoto data are becoming more common among state agencies and are being
widely used by the general public, the modeling approach used in this study can be
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extended to the coastal areas of Massachusetts and Connecticut and provide a more
comprehensive indication of the impacts of human-induced land-cover change on the
southern New England's coast.
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Figure Captions
Figure 2-1. (a) The true color digital orthophoto with 1-m spatial resolution for the
state of Rhode Island; (b) the spatial distributions of ISA; (c) the enlarged orthophoto
data for the Westerly; and (d) the spatial distribution ofISA in Westerly.

Figure 2-2. The variation of ISA percentage within 5 buffer zones in the coastal towns
along major rivers.

Figure 2-3. The variation ofISA percentage within 5 buffer zones in the coastal towns
along major roads.
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Table 2-1. Percentage of ISA for inland and coastal towns in Rhode Island.

No

Name

2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18

Exeter
Foster
Glocester
Scituate
W Greenwich
Hopkinton
Burrillville
Richmond
Coventry
N Smithfield
Smithfield
Cumberland
Johnston
Lincoln
W Warwick
N Providence
Central Falls
Woonsocket

Inland
Area (ha)

ISA(%)

15130
13466
14726
14201
13271
11437
14760
10556
16183
6448
7154
7319
6305
4915
2096
1501
334
2044

3
3
4
4
5
5
5
6
8
9
9
13
15
16
26
31
38
40

Average

7

No

Name

2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

Little Compton
Charlestown
S Kingstown
Tiverton
Jamestown
E Greenwich
Narragansett
Portsmouth
N Kingstown
Barrington
Westerly
Warren
Middletown
Cranston
Bristol
E Providence
Warwick
Pawtucket
Newport
Providence

Coastal
Area (ha)

5854
9900
15880
7863
2505
4226
3691
6115
11444
2227
7962
1619
3420
7492
2559
3625
9300
2296
2096
4873
Average
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ISA(%)

6
6
7
8
9
11
12
13
14
14
16
16
18
19
20
20
24
26
30
37
14

Table 2-2. The error matrix of extracted ISA in Rhode Island.

Reference
Totals

Classified
Totals

Number
Correct

Producer's
Accuracy %

User's
Accuracy%

ISA

96

85

83

86.5

97.7

Non-ISA

104

115

102

98.1

88.7

Totals

200

200

185

Kappa Value= 0.85
Overall Accuracy = 92.5%
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Figure 2-1. (a) The true color digital orthophoto with 1-m spatial resolution for the
state of Rhode Island; (b) the spatial distributions of ISA; (c) the enlarged orthophoto
data for the Westerly; and (d) the spatial distribution ofISA in Westerly.
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Figure 2-2. The variation ofISA percentage within 5 buffer zones in the coastal towns
along major rivers.
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Figure 2-3. The variation ofISA percentage within 5 buffer zones in the coastal towns
along major roads.
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Chapter 3. A distributed object-based rainfall-runoff simulation model with
incorporation of high spatial resolution remote sensing data

(This Chapter is written in the format required for publication in the journal Journal of
Hydrology)

Abstract:

As the importance of impervious surface area (ISA) in the hydrologic cycle in
watersheds, we developed a distributed object-based rainfall-runoff simulation (DORS)
model with incorporation of ISA derived from high spatial resolution remote sensing
data. This physically-based model simulates hydrologic processes of precipitation
interception, infiltration, runoff, evaporation and evapotranspiration, soil moisture and
change of water table depth, runoff routing, ground water routing and channel routing.
The modeling processes take objects based on land cover data as the spatial units in
order to reduce data volume, increase computational efficiency, strengthen
representation of watersheds and utilize the data in variable scales. The model is able
to extract the relationship between neighboring objects such as slope, flow direction
and border length and uses them for the runoff and ground water routing. We extracted
other major model parameters, such as leaf area index (LAI), from remote sensing data.
We used USGS stream gaging data to validate the temporal variation of simulated
discharge within two watersheds. Ratio of absolute error to the mean and Nash
coefficient for the simulation period are 9.4%, and 0.998 for first watershed, and
12.6% and 0.80 for second watershed, respectively. The results indicate that the
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DORS model is able to capture the relationship between rainfall and runoff in the
study area, and it is applicable in the further study of ISA impact on the water cycle
and associated pollution problems.

Keywords: Impervious surface area; Leaf area index; rainfall-runoff; distributed;

Object-based;

1. Introduction

Increasing impervious surface area (ISA) from urban and suburban development
is a particularly important component of human-induced land-use and land-cover
change (LULCC). Increasing ISA causes a series of environmental problems for
freshwater and estuarine ecosystems through the alteration of the frequency and
magnitude of runoff. The coastal state of Rhode Island experiences urban runoff
problems resulted from urban development in the past decades.
ISA is a critical factor affecting the cycling of terrestrial runoff and associated
materials to and within ocean margin waters. Increasing ISA impacts watershed
hydrology by altering runoff and its associated erosion and nonpoint pollutions
(Arnold and Gibbons, 1996). Runoff from urban and urbanizing watersheds frequently
contains high concentrations of nutrients and pollutants, which can be harmful to
freshwater and marine organisms, and therefore, it has significant impacts on sensitive
tidal creeks and estuaries systems (Paul and Meyer, 2001; Schiff, 2002). Wegehenkel
et al. (2006) found that a precise estimation of settlement areas in a catchment together
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with an improved estimation of the degree of the actual imperviousness of these areas
is required for precise calculations of surface runoff and the flood peaks even in a rural
catchment with a relative low amount of settlement areas. Thus, it is important to
examine the extent and nature of ISA on runoff and rainfall-runoff relationship.
Reported studies employed hydrologic modeling to quantify the impacts of landuse and land-cover change on hydrological regimes at various scales (Dunn and
Mackay, 1995; Ott and Uhlenbrook, 2004). For example, Siriwardena et al. used a
simple conceptual daily rainfall-runoff model, SIMHYD, to relate measurements of
runoff following clearing to estimates of pre-clearing hydrologic behavior
(Siriwardena et al., 2006). Other hydrologic models, such as Soil and Water
Assessment Tool (Neitsch et al., 2001), Distributed Hydrology Soil Vegetation Model
(Wigmosta et al., 1994), and Areal Nonpoint Source Watershed Environment
Response Simulation (Bouraoui and Dillaha, 2000), have been developed to help solve
urgent environmental problems associated with human impact on hydrological cycle,
erosion and water quality (Todini, 1996; Aronica, Cannarozzo, 2000; Singh and
Frevert, 2002; Ivanov et al., 2004; Reed, et al., 2004). Singh and Frevert (2002)
summarized an overview on hydrology models.
The applications of lumped, semi-distributed and distributed models are extensive
and each approach has it own set of advantages and limitations. Reported studies have
incorporated techniques such as neural networks to improve simulation of hydrologic
processes (Lin and Chen, 2004; Chen and Adams, 2006). In terms of temporal and
spatial change of parameters in hydrological models, distributed models have
advantages over lumped models because lumped models use aggregated empirical
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parameters that lack of clear physical meanings. Also it is difficult to evaluate the
change of model parameters on the hydrological process based on lumped models
(Kuch.menta et al., 1996). Distributed hydrologic models are based on physical,
chemical and biological theories and the results can be more reliable than lumped
models if the geospatial data required to parameterize the model are available at
appropriate scales.
The performance of distributed model depends on their representation of
watersheds. Most of the distributed models are grid-based. Those models represent
and apply watershed heterogeneity in terms of distributed information of land use and
land cover, slope, soil and rainfall (Jain et al., 2004). Incorporation of geographic
information system and remote sensing can reduce the number of calibration
parameters in these models (Bell and Moore, 1998; Schumann et al., 2000; Boegh et

al., 2004; Jain et al., 2004).
Because of a lack of high spatial resolution ISA data, most of current hydrological
models employ estimated ISA from land cover data or assign all urban areas the same
ISA (Ott and Uhlenbrook, 2004). However, as ISA is a key parameter in the runoff
production, using estimated percentage of ISA instead of using precise high spatial
resolution ISA data may cause considerable errors in the rainfall-runoff modeling.
However, as remote sensing data are from different source and have variable spatial
resolutions, it is difficult to utilize remote sensing data in a single grid-based model.
Therefore, data scaling is necessary. In hydrologic modeling, there are problems of
information lost in scaling using coarser spatial resolution units and challenges of
huge data volume and associated computing time using finer spatial resolution units.
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We suggest that with an appropriate spatial parameterization scheme and
physically based descriptions of hydrological processes, local physical characteristics
such as land cover change, especially ISA, can be examined for their effect on
hydrologic response. This study developed and evaluated a distributed object-based
rainfall-runoff simulation (DORS) model to study the rainfall-runoff relationship with
the incorporation of high spatial resolution ISA. It takes objects based on land cover
data as the units in order to reduce data volume, increase computational efficiency,
strengthen representation of watersheds and utilize the data in different scales. The
model derives the objects which are groups of pixels from land cover types with the
help of topography and limitation of the objects size. The model includes major
components of: segmentation; parameterization; interception, infiltration;
evapotranspiration; saturated flow; overland flow; and channel flow. This model is
different from current distributed models that use only empirical estimated proportions
of ISA from land cover data. Instead, this DORS model utilizes high spatial resolution
ISA obtained from 1-m spatial resolution digital orthophoto data. Also, it employs
LAI data which play an important role in the modeling in terms of hydro logic process
of vegetation interception and evapotranspiration to improve the simulation of these
processes. We evaluated the model by comparing simulated stream flow rates to
results from USGS gaging stations at the outlets of the study watersheds.

2. Model structure
We adopted and modified the algorithms from the distributed hydrological models
by Chen et al (2005) and Wigmosta et al (1994). These models processed the regular
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grid as spatial units and simulated the groundwater and overland water movement.
Similar with other common models, these models provide an effective system to
consider the flow of water in watershed and use a modeling framework for water flow
among neighboring spatial grid units. For our application of rainfall-runoff study, we
modified the algorithm of hydrological processes from these grid-based models to
spatial units of objects and added important processes such as infiltration.
The horizontal boundary of the simulated area is a watershed delineated from a
digital elevation model (DEM) where divides between neighboring watersheds are
identified. Vertically, the simulation extends from the saturated zone in the soil to the
top of vegetation canopy. The model divides the study watershed into basic spatial
units based on land cover and DEM data. The model treats each spatial unit, the object,
as a unique vegetation-soil system. According to the need of hydrological processes
simulation, the model divides an object vertically into five strata, i.e. overstory canopy,
understory, litter or moss layer, soil unsaturated zone and saturated zone. The structure
of an object in horizontal and vertical view is described in Figure 1. We perform
model simulations of the hydrological processes at the object level. The size of the
object is controlled based on the user-determined area thresholds in segmentation.
Therefore, the model splits the objects with large area into small ones to make the
runoff and groundwater routing more reasonable.
The parameters of precipitation, solar radiation, DEM, land cover and ISA, LAI,
and soil properties parameters are major inputs of the DORS model. All input
parameters are spatially converted to object level after the segmentation process. Other
required parameters such as Manning roughness coefficient for the runoff routing are
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determined based on the land cover types. The major output is the discharge in the
outlet of the watershed. Other information such as spatial distribution of runoff,
evapotranspiration, and ground flow can be retrieved at any time in the simulation
period. The framework of the model is illustrated in Figure 2. The water balance in
two layers of each object and in channel objects can be described as follows.
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is net inflow from ground flow, D;n is discharge from upstream

channel objects, and D0 u 1 is discharge into downstream channel object.

3. Model components
3.1 Segmentation and parameterization
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The first process of DORS model is segmentation of land cover data. In this
process, the model applies the size of a region constraint to avoid over-sized objects.
The size and shape of objects are mainly determined by the land cover data and the
maximum object size was set to 1000 pixels in this study. The pixel resolution of the
land cover data and the application purpose determine the size for region constraint.
The boundary length is important for the runoff and ground flow routing. Different
from grid-based model in which pixels interact with its regular 4 or 8 neighbors,
objects exchange water with all of their neighbors in DORS model. The effective
boundary-length between two objects can be calculated as follows.
n

TWe

= Icos(0Pixel,i

(2)

-0Flow)W

i=I

where TWe is the total effective boundary length, n is the number of neighboring
pixels for two objects, 0Flow is aspect angle of the flow direction, 0Pixel,; is aspect angle
of the ith neighboring pixel direction, and Wis the pixel size. The aspect angles of
flow direction and neighboring pixel direction can be calculated as follows.

(3)

(4)

where x1,
s2

Y1

and x2,

Y2

are the coordinate of centers of two objects, and !1, s 1 and !2,

are the coordinate of centers of two pixels.
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After segmentation and construction of neighboring objects relationship, the model
extracted precipitation, solar radiation, DEM, ISA and LAI for each object from varied
sources. With the segmentation based on land cover, the obtained objects keep the
most homogeneity for the extracted parameters such as LAI in each object. We
employed ISA in 1-m spatial resolution to retrieve the ISA percentage in each object.
We used the Simple Ratio (SR), vegetation index from Landsat TM in 30-meter
spatial resolution to extract LAI, and assigned soil types from rasterized 1:15,840
scale SSURGO data to each object according to the majority of inside pixels in each
object. We built the look up table to relate the soil types and the soil properties (Table
1), such as porosity that were adopted from previous studies (Rawls et al., 1992). We
used look up table of land cover types and land cover properties to derive the
parameters specific to the land cover, such as Manning's roughness coefficient (Table
2, Sande et al., 2003).

3.2 Interception, infiltration and evapotranspiration
Vegetation intercepts a portion of precipitation when it falls. Part of this precipitation
will be held in the foliage and then evaporate. Previous studies determined maximum
interception storage capacities of these layers as a function of LAI of the layer (L;) and the
proportion of the gaps in the layer (G;) (Dickinson et al., 1991). In the simulation of this
process, the model deducts the intercepted precipitation from total precipitation for
infiltration and runoff production.
Precipitation will fall on the ground if there is still precipitation after interception.
This part of effective precipitation will infiltrate into soil. Based on its broad
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application in soil based hydrology models (Philip, 1983, Leonard et al., 1987, EPA,
1998, and Neitsch et al., 2001), we choose the Green & Ampt algorithm to simulate
this process. The major parameters used in this algorithm include hydraulic
conductivity, capillary pressure, effective soil porosity and initial soil moisture content.
We obtained hydraulic conductivity, capillary pressure and effective soil porosity from
the built lookup table according to soil type (Rawls et al., 1992). The model
determined initial soil moisture content with the running of the program to reach the
initial stable status. ISA plays important role in rainfall-runoff relationships as the
model assumes that there is no infiltration in ISA. The high spatial resolution ISA
information is expected to improve the simulation compared with the estimated
percentage of ISA in previous studies.
We classified the land cover into 3 categories: bare soil, overstory canopy without
understory, and overstory canopy with understory for evapotranspiration calculation.
The model assumes that water detained in the canopy evaporates at a potential rate.
The model calculates the evaporation and transpiration separately for the 3 categories.
We use the Penman-Monteith equation to estimate both evaporation and transpiration
rates (Chen et al., 2005). The model updates the water detained in foliage by amount
of the evaporation and the soil moisture with the deduction of the evaporation from
soil and transpiration from the vegetation.

3.3 Runoff

Runoff is the major component for the channel flow, and it affects many processes
in watershed such as soil erosion and material movements. Runoff is the major factor
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that causes the temporal change of stream discharge. This model employs De-Saint
Venant equations of continuity and momentum to simulate the flow of runoff (Julien
and Saghafian, 1991; Jaber and Mohtar, 2002). Based on these formulations, an
explicit finite difference, diffusive-wave method was modified to route runoff flow.
The partial differential form of these equations can be expressed as follows:
Continuity:

(5)

Momentum:
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where his surface flow depth, q; is unit flow rate in direction i, e is excess rainfall,
tis time, d; is Cartesian spatial coordinates in direction i, v; is the average velocities in
direction i, S 0 ; bed slopes in direct i, Sfi is friction slopes in direction ;, and g is
gravitational acceleration.
The model uses a diffusive approximation to describe the runoff flow assuming
that net forces acting along the given direction are approximately zero. With the
approximation, the equation from Julien and Saghafian (1991) was modified to
calculate the as follows.
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where QiJ is discharge from object i to j, n is Manning coefficient which was
derived from previous study and modified for the land cover used in this study (Table
2, Sande et al., 2003), h is runoff depth, R is hydraulic radius, Sis bed slope, and L is
the border length between two neighboring objects.
The calculated discharges in and out of the object update the depth of runoff in each
object. The channel objects receive runoff discharge from objects neighboring with them.

3.4 Vertical unsaturated flow and saturated flow
In the unsaturated zone it is assumed that there was only vertical movement of soil
water (Wigmosta et al., 1994). There are two movements in the saturated soil zone:
horizontal redistribution of soil water and water exchange with unsaturated zone.
Saturated flow is another major source of channel flow. The DORS model adapted and
modified the grid-based algorithm for flow simulation in saturated zone (Chen et al.,
2005 and Wigmosta et al., 1994).
Elevation and ground water table of the two neighboring objects determines the
direction of the horizontal water flow. The total saturated subsurface flow of object i can
be expressed:
n

Qi= Ksa/z)/f.J

/JiJ WiJ

(8)

J=l

where Qi is the net discharge at object i, Ksalz)i is the saturated hydraulic conductivity
at object i, and f3iJ is the water table slope from object i to j that was determined by
elevation and water table depth, and wiJ is the effective width of flow between two object
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that was derived from the boundary length in parameterization, and n is the number of
neighboring objects. Together with runoff flow, saturated flow exchanges with the
neighboring channel objects.
Water table fluctuates with the change of soil moisture. The ground flow between two
objects depends on their water table slope. In original model derived the depth of water
table depth from all of soil layers even underneath soil layer is not saturated. Since we
assume that unsaturated flow is restricted to the vertical dimension, in the DORS model,
we modified this algorithm, and the water table of the object is calculated from:
n-I

z=Lzk+zn

(9)

k=I

(10)

0k -0k,f

zk =----dk

0k+l -m
- 'f'

k+I

(f}k -0k,f

zk =

(11)

dk

where, z is the water table depth, Zkis the corresponding water table for layer k, n is
the number of soil layers, Znis water table for bottom layer, dk and dn is the soil depth for
layer k and bottom layer, Bkis the current average moisture content for layer k, 0kJis soil
field capacity for layer k, and rpk is the saturated soil moisture content for layer k.
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3.5 Channel Flow
With inflow from runoff and base flow, the model simulated channel flow in each
channel objects. We adapted and modified the variable storage routing method that
was developed by Williams (1969) and used in SWAT (Neitsch et al., 2001) to be
applicable in object-based algorithm.

4. Study area and data preparation
4.1 Study Areas
We delineated two watersheds in Rhode Island that have long term flow records
from USGS gaging stations. The outlets for the watershed A and B coincided with the
gaging stations of USGS Chipuxet River at West Kingston and Usquepaug River near
Usquepaug, Rhode Island, respectively. Watershed A with area of2515 ha is a 4th
order stream system that drains two small lakes and receives both through
groundwater and surface water inputs. The watershed A centers at 41.5°N and 71.5°
Wand lies on the border of three towns of Exeter, South Kingstown and North
Kingstown (Figure 3A). The elevation varies from 20-m to 90-m. It is a coastal
climate with monthly temperature of 22°c in July and -1 °c in January in 1997 when
we performed the simulations in this study. The annual precipitation in 1997 was
approximately 1200 mm. There are about 10 soil types in the study area, and the main
soil types are silty loam and sandy clay loam that have relatively medial value of
porosity and hydraulic conductivity. The watershed includes typical land cover types
in Rhode Island including agriculture, forest and urban. These land cover types
distribute heterogeneously in the study watershed. In order to test the robustness of the
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DORS model we chose another watershed B to perform additional validation of the
simulation (Figure 3B). The area of the watershed B is 9488 ha, and centers at 41.6° N
and 71.6° W. Soils are similar to watershed A, but this watershed is dominated by
agriculture and forest with limited urban land use. In this paper, most of the analysis
regarding ISA will focus on watershed A.

4.2 Data
We extracted ISA information from the high spatial resolution Orthophoto at 1-m
resolution (Figure Sb) using an object-oriented classification method (Zhou and Wang
2007). The process can be described simply as follows.
First, we performed a pre-classification stratification according to the 1995 landcover and land-use data from the Rhode Island Geographic Information System
(RIGIS) and selected the training objects of certain land-cover types for each subset
from the pre-classification stratification. Upon finishing the object-oriented
classification we recoded the results of categories into ISA and non-ISA. In the final
step, we employed the 1995 transportation data from RIGIS to recover missing
segments of ISA caused by the shadows in suburban areas.
The results show that ISA distributions are spatially uneven in the state of Rhode
Island. ISA is more extensive along the coastal areas than that in the interior areas.
The areas of major population centers and historical cities, such as the Providence,
Woonsocket and Newport, have the highest percentage ofISA. The heavily settled
suburban communities have ISA between 10 to 30%. Comparisons of the percentage
of ISA in inland areas and coastal areas along the eastern and southern coast zones
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reveal the spatial patterns of ISA cover in these areas. The average ISA for the coastal
and inland towns are 14% and 7%, respectively.
In the study the ISA for Watershed A covers about 9 .1% of the total area. A
previous study indicated that ISA in this area increased from 1985 to 1999 (Novak and
Wang 2004). Watershed B has an ISA ofless than 5% of its area.
We extracted a DEM from the 1:100,000 USGS Hypsography Dataset 10 Meter
Elevation Contour Lines and converted the vector data to 10-m resolution grid (Figure
4). The DEM is important in this hydrological model, and mainly used for watershed
delineation and flow routing. We obtained land cover data from the Landsat TM
image at 30-m resolution (Figure 5a). The main land cover types classified in this area
using USGS system include coniferous forest, deciduous forest, mixed forest, wetland,
urban, grass, agriculture and water (Novak and Wang 2004). We delineated flow
network based on the DEM data and real stream network.
We derived soil type data from 1996 USDA/NRCS SSURGO soils (Figure 5c) and
built the lookup table between soil types and soil properties to extract the soil
parameters of objects in the model simulation. The major parameters in the lookup
table include hydraulic conductivity, porosity, wetting front soil suction head, and
field capacity.
We obtained LAI from the vegetation index of the simple ratio (SR) (Figure 5d)
based on land cover data. We adapted the relationship between SR and LAI from Chen
et al (2002) and Zhou et al (2007) and modified it for Landsat TM with the adjustment
coefficient.
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We performed a segmentation process on land cover with the stream network, and
incorporated the DEM to improve the segmentation. After that, we carried out the
parameterization for DEM, ISA, LAI and soil data from varied scales. At the same
time, we calculated the parameters such as flow direction and effective boundary
length used for the relationship between neighboring objects.
Meteorological data from March 20 to April 28, 1997 were used in all simulations
and validation studies. We selected early Spring as the period of simulation to
examine rainfall-runoff relationships and still obtained some insights into simulated
evapotranspiration. During early Spring, routine rainfall has a reasonable chance of
generating runoff. By summer, when average monthly ET exceeds average monthly
precipitation by more than 50% in the study area, runoff events are relatively rare.
Meteorological data included hourly precipitation, daily maximum temperature,
minimum temperature, mean temperature, humidity, and radiation were obtained from
the nearby weather station at Kingston, RI. Because this station was contained within
watershed A and less than 8 km from watershed B, all climatic data came from this
single source.

4.3 Validation
Discharge change pattern is a critical index indicating the watershed hydrology,
and is mainly affected by runoff that has important impact on the materials movement
and associate pollution in watershed. In order to check the model performance, we
used three indicators to compare the simulated and measured daily discharge during

66

the study period. The first is the ratio of absolute error to the mean Rawhich is used by
the World Meteorological Organization. The second is the Nash coefficient R2.
n

LI Qmi-Q,;

= IOO¾x i=I

R
a

I

(13)

_

nQm

II

R2=

I 1cQ.,;- Qsil

l--'--i=-'-11

(14)

----

L(Qmi-Qm)2
i=I

where Ra is the relative absolute error to the mean, R2 is Nash coefficient, Qm;is
the measured discharge, Qs;is the simulated discharge, Q111 is mean value of observed
daily discharge and n is the number of days.

5. Results and discussion
As expected, the simulated discharge at the outlet of both watersheds was sensitive
to the extent of generated runoff. We focus our evaluation on the model's abilities to
capture the temporal discharge patterns through the runoff and base flow simulation
with the incorporation of high spatial resolution ISA. We integrated the USGS hourly
discharge at the outlet to a daily level to permit comparison and validation with the
daily output from the simulation model.

5.1 Validation of modeled discharge with measurements
The modeled, measured daily discharge at the outlet and daily precipitation from
hourly data in the simulation period from March 20 to April 28 in 1997 were shown in
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Figure 6A and 6B. The result indicated that the model performed reasonably well in
simulating discharge in study watersheds. The modeled and the measured daily
discharge showed similar temporal patterns. Modeled and the measured mean daily
discharge at the outlet over the 40-day period are 1.30m3/day and 1.25m3/day for the
watershed A and 4.54m 3/day and 4.68m 3/day for the second watershed B. The
correlation coefficient between these two sets of discharge results was 0.98 (Figure 7A)
for the watershed A and 0.91 for watershed B (Figure 7B). The ratio of absolute error
to the mean Ra for the simulated and the measured daily discharge during the study
period is 9.4% for watershed A and 12.6% for watershed B. The Nash coefficient R2
is 0.998 for watershed A and 0.80 for watershed B.

5.2 Simulation using middle spatial resolution land-cover data
In order to check the importance of high spatial resolution ISA in hydro logic
modeling, we performed the simulation using the ISA derived from the Landsat landcover data. The spatial resolution of the ISA derived from Land-cover data was 30meter. In the simulation, all other parameters except ISA were same as the simulation
using high spatial resolution ISA. Figure 6 showed the simulation results using the low
spatial resolution ISA in the study watersheds. The comparison between simulation
results were shown in Table 3. The ratio of absolute error to the mean Rais 16.4% for
watershed A and 18.5% for watershed B. The Nash coefficient R2 is 0.995 for
watershed A and 0.55 for watershed B. The comparisons indicated the incorporation
of high spatial resolution ISA improved the performance of simulation.
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5.3 Spatial distribution of runoff
We also checked the spatial distribution of runoff which is the key parameter for
DORS model to evaluate the reliability of this object-based distributed process model
and the impact of ISA on runoff production in space. In the simulation, the DORS
model produces the runoff if the rate of effective precipitation exceeds infiltration rate
in area without ISA and directly in area with impervious surface. The spatial
distribution of runoff at 15:00 March 31, 1997 was shown in Figure 8.
It is common that the runoff depth is high in the objects with high percent ofISA,
and is low in the objects with high infiltration. It is difficult to evaluate the effects of
ISA on runoff depth since there are varied factors such as elevation impacting change
of runoff depth. This analysis just gives a general idea of the ISA impact on runoff.
We chose four objects with different percentages of ISA to compare the simulated
runoff depth after the precipitation. The locations of these objects are shown in Figure
4. The percentages of ISA and runoff depth are summarized in Figure 10. Runoff
depth was relatively higher in the object with larger ISA percentage, and this result
indicated the importance of ISA in the model for the runoff production.

5.4 Components in water cycle
In order to evaluate the importance of each component in watershed cycle we
checked the temporal pattern of evopotranspiration in watershed A and B (Figure 9) in
chosen objects (Figure 4, figure 10, and Figure 11), and temporal pattern of runoff
and base flow into stream separately (Figure 12A and 12B). As expected during early
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Spring, the comparison between rainfall and evapotranspiration for chosen objects
indicated that magnitudes of mean daily precipitation (about 6.5mm in the simulation
period) are more than 10 times of mean daily evapotranspiration (0.2mm, 0.5mm,
0.8mm and 1mm for the four selected objects). The total precipitation is about I 80mm
while the total evapotranspiration is less than 6mm in both watersheds. Also, as
expected, during early Spring, the open water contributes to evapotranspiration more
than vegetation. Therefore, the watershed A has higher area-averaged
evapotranspiration than watershed B because watershed A has higher percentage of
open water. The temporal pattern of runoff and base flow indicated that runoff mainly
determined the magnitude and pattern of discharge, and that base flow responded to
precipitation slower than runoff.
This analysis gave a general evaluation of these components in water cycle. The
results indicated that the runoff was the main parts of the total water after the
precipitation and decreased quickly, and that base flow kept relatively consistent and
increased slowly after the precipitation and decreased without the precipitation, and
that evapotranspiration was relatively smaller.

6. Conclusions
We developed a DORS model to simulate hydrological processes at a watershed
scale using spatial inputs of remote sensing data in varied scale. This model combined
three major sub-models which simulate surface runoff, groundwater and channel flow,
and it has dynamic linkage between these sub-models. The model provides a
framework to integrate remote sensing raw data and derived products in different scale
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for the hydrological process in a watershed, and the object-based algorithm also
reduced the simulation time and data volume. The complexity of the hydrological
models and their flexibility for representing spatial heterogeneity are important for
simulation accuracy and model application. This DORS model uses land cover-based
objects, rather than pixels as modeling units. Therefore, this model not only can utilize
the data at varied scale, but also keeps a balance between computation speed and
representation of spatial heterogeneity.
We emphasized application of high spatial resolution ISA in hydrological cycle for
its importance. Object-by-object routing produces three-dimensional representation of
surface and saturated subsurface flow. These output parameters will be important for
the materials movement simulation.
We validated the model in two complex watersheds in Rhode Island, USA. We
compared the modeled daily discharge in the watershed outlet with measurements in
USGS observation station. The simulated results indicated that the model performs
well for the purpose of modeling the runoff and base flow in this complex watershed,
and this object-based hydrological model is promising to evaluate the impact of
variation of spatial information such as ISA on the hydrological processes.
Furthermore, the model has the capacity of hourly simulation for short term
applications.
The results indicated that evapotranspiration has relatively smaller influence on the
water balance at a daily time scale in the study period. Evaluation of potential effects
of water management practices in the simulation with the help of available data may
improve the accuracy of the simulated discharge rates.
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Figure captions:
Figure 3-1. Hydrological components of an object. Vertical water redistribution in
objects and horizontal water exchange with adjacent neighbors result in a threedimensional representation of surface and saturated subsurface flow.

Figure 3-2. The structure of DORS model. It includes 4 sub-models: segmentation and
parameterization; overland flow, saturated flow; and channel flow.

Figure 3-3. The location and Orthophoto of the study watersheds A and Bin Rhode
Island.

Figure 3-4. DEM for the study watershed A and locations of selected sites for analysis
of runoff (ISA) and evapotranspiration (EVP), numbers are corresponding to that in
figure 10 and 11.

Figure 3-5. Land cover (a), ISA (b), soil type maps (c) and SR (d) in the model
domain draped on a 3-dimensional topographical display.

Figure 3-6. Temporal variations of measured and modeled discharge at outlet and
scaled daily precipitation for the watershed A and B.
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Figure 3-7. The comparison between measured and modeled discharge with a
correlation coefficient of 0.98 for watershed A and 0.91 for watershed B.

Figure 3-8. Spatial distributions of runoff in the watershed at 15:00 March 31,
1997.

Figure 3-9. Temporal change of evapotranspiration in watershed A and B.

Figure 3-10. Temporal change of runoff in 4 selected objects with different
level of ISA percentage.

Figure 3-11. Temporal change of evapotranspiration in 4 selected objects with
different level of LAL

Figure 3-12. Temporal variations of modeled runoff and that separated from measured
discharge (a), and temporal variations of modeled base flow and that separated from
measured discharge (b).
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Table 3-1. Soil prosperities parameters from Rawls (1992).

Soil texture class

Porosity

Sand
Loamy sand
Sandy loam
Loam
Silt loam
Sandy clay loam
Clay loam
Silty clay loam
Sandy clay
Silty clay
Clay

0.437
0.437
0.453
0.463
0.501
0.398
0.464
0.471
0.430
0.479
0.475

Wetting front soil
suction head (cm)
4.95
6.13
11.01
8.89
16.68
21.85
20.88
27.30
23.90
29.22
31.63
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Saturated hydraulic
conductivity (cm/h)
23.56
5.98
2.18
1.32
0.68
0.30
0.20
0.20
0.12
0.1
0.06

Table 3-2. Manning roughness coefficients from Sande et al (2003).

Land use classes
Residential buildings
Private/public gardens
Grass in built-up areas
Pavement/other urban areas
Waterside
Sand deposit area
Roads
Railroads
Industrial company/agency

n
0.200
0.100
0.259
0.050
0.050
0.120
0.013
0.033
0.200
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Land use classes
Pasture
Winter wheat
Nursery
Fallow
Natural vegetation
Deciduous forest land
Mixed forest land
Water

n
0.259
0.127
0.200
0.120
0.100
0.200
0.200
0.030

Table 3-3. Comparison of validation results using high and middle spatial resolution
ISA
Watershed A

Watershed B
R2

R2

High Spatial Resolution

9.4%

0.998

12.6%

0.80

Middle Spatial Resolution

16.4%

0.995

18.5%

0.55
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Figure 3-1. Hydrologic components of an object. Vertical water redistribution in
objects and horizontal water exchange with adjacent neighbors result in a threedimensional representation of surface and saturated subsurface flow.
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Figure 3-2. The structure ofDORS model. It includes 4 sub-models: segmentation and
parameterization; overland flow, saturated flow; and channel flow.
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Figure 3-3. The location and orthophoto of the study watersheds A and Bin Rhode
Island.
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Figure 3-5. Oblique perspective ofland cover (a), ISA (b), soil type maps (c) and SR
(d) in the model domain draped on a 3-dimensional topographical display.
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Chapter 4. Assessing Impact of Urban Impervious Surface on Watershed
Hydrology Using Simulation and Spatial Regression

(This Chapter is written in the format required for publication in the journal
Computers, Environment and Urban Systems)

Abstract:

In this study, we investigated the relationship between watershed characteristics
and hydrology using high spatial resolution impervious surface area (ISA), derived
data and hydrologic simulations. We selected 20 watersheds at HUC 12 level with
different degrees of urbanization and performed hydro logic simulation using a
distributed object-oriented rainfall and runoff simulation (DORS) model. We extracted
the discharge per area and ratio of runoff to base flow from simulation results and used
them as indicators of hydrology pattern. We derived percentage of ISA, distance from
ISA to streams, and stream density as the watershed characteristics to build the
relationship with hydrology pattern in watersheds using Ordinary Least Square (OLS),
spatial error and spatial lag regression models. The comparison indicates that spatial
lag regression model can achieve better performance for the relationship between ratio
of runoff to base flow and watershed characteristics, and that three models provide
similar performance for the relationship between discharge per area and watershed
characteristics. The results from regression analysis demonstrate that ISA plays an
important role in watershed hydrology. Ignorance of spatial dependence in modeling
will likely cause inaccurate conclusions for relationship between ISA and watershed
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hydrology. The hydrologic model, regression methods and built relationships between
watershed characteristics and hydrology pattern provide important tools and
information for decision makers to evaluate the effect of different scenarios in land
management.
Key words: high spatial resolution, impervious surface area, hydrologic modeling,
spatial regression

1. Introduction:
Increasing impervious surface area (ISA) from urban and suburban development is
a major environmental issue impacting hydrology and climate. Increasing ISA impacts
watershed hydrology in terms of influencing the runoff and base flow and causes a
series of environmental problems such as soil erosion and nonpoint source pollution
(Arnold and Gibbons, 1996). The understanding of how increasing ISA influences
environment, especially rainfall-runoff relationship, will provide valuable information
in land management activities.
Change of watershed hydrology is one of the important and direct impacts from
increasing ISA. Previous studies provided useful information about the impact of land
cover change and increasing impervious surface on infiltration and runoff and
validated the importance of ISA in hydrology ([Arnold and Gibbons, 1996] and [Paul
and Meyer, 2001]). Most current studies are limited to the general relationship
between ISA derived from land cover types and environmental problems due to a lack
of precise ISA data. It is important to continue to investigate how hydrologic
processes are affected by the spatial heterogeneity of ISA, and the influence of ISA on
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hydrologic cycle in watersheds. Modeling with high spatial resolution data may
provide useful information for decision makers and land managers in planning and
management activities such as low impact development practices.
In previous studies, field measurements of stream flow including peak and total
discharge, or laboratory rainfall-runoff simulation were employed to explore the
relationship between basin land-use and land-cover (LULC) characteristics,
impervious cover at different level of urbanization, and hydrologic response to
precipitation ([Deroo et al., 2001], [Dougherty et al., 2007] and [Warnemuende et al.,
2003]).
Although the methods were useful and effective in these specific studies, it was
difficult to collect enough field measurements in the variety of watersheds to support
the analyses. Other studies have employed hydrologic modeling to quantify the
impacts of LULC change on hydrological regimes at various scales ([Brun and Band,
2000], [Dunn and Mackay, 1995], [Fohrer et al., 2001], [Lahmer et al., 2001], [Lee et
al., 2003], [Ott and Uhlenbrook, 2004] and [Wegehenkel et al., 2006]). For example,
Fohrer et al. (2001) used the SWAT model to study the impact of land use changes on
the water balance based on artificial watersheds. Lahmer et al. (2001) designed land
use change scenarios to study its impact on the various water balance components.
Wegehenkel et al. (2006) analyzed the impact of different land cover sets on runoff in
hydrologic modeling.
These studies were useful in evaluating the effect of land cover change and
increasing ISA on watershed hydrology through multiple years of hydro logic
observations or simulations within a given watershed. However, it was difficult to
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obtain historic land cover and ISA data in high temporal frequency. Substitute
methods were developed to solve this problem. Researchers employed spatial
difference of land cover, replacing temporal change, to study its impact on hydrology.
Booth and Jackson (1997) used the Hydrological Simulation Program-Fortran model
to simulate a variety of local watersheds to study the relationship between flow
increases and percent effective impervious area. Dougherty et al (2007) compared the
hydrologic characteristics in four watersheds with different levels of urbanization
using historical data.
Those studies demonstrated that hydrologic modeling is an effective method to
evaluate the impact of ISA on watershed hydrology. In terms of temporal and spatial
change of parameters in hydrologic models, distributed models have advantages over
lumped models because lumped models use aggregated empirical parameters that lack
clear physical meanings. Also it is difficult to evaluate the change of model
parameters on the hydrological process based on lumped models (Kuchmenta et al.,
1996). Distributed hydrologic models are based on physical, chemical and biological
theories and the results can be more reliable than lumped models if the geospatial
input data are available at appropriate scales. However, because of a lack of high
spatial resolution ISA data, most current hydrological models employed estimated ISA
from land cover data or assigned all urban areas the same ISA (Ott and Uhlenbrook,
2004). Using estimated ISA introduces uncertainty in evaluating the impact ofISA on
watershed hydrology. A distributed object-oriented rainfall-runoff simulation (DORS)
model that we developed incorporates high spatial resolution ISA in hydrologic
modeling (Zhou and Wang, 2008a). It not only improves the performance of
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hydrologic modeling, but also may reduce the uncertainty in evaluating the impact of
ISA.
Regression and correlation analyses can be useful tools to quantify the relationship
between response and predicator variables. However, the spatial dependence received
less attention in the conventional regression methods for geospatial observations
because it was assumed that the observations were independent. Without consideration
of spatial dependence, these regression methods could have errors in estimating
regression coefficients, coefficient of determination and significance level. Spatial
regression techniques with consideration of spatial dependence have been extensively
used in analyses of spatially explicit data ([Aguiar et al., 2007], [Anselin et al., 2006],
[Ji and Peters, 2004] and [Luck, 2007]). In studies of spatial related problems, the
consideration of spatial dependence improves the fit of prediction models.
In this paper, we analyzed the ISA-related watershed characteristics and simulated
the hydrology pattern in selected watersheds with various level of urbanization in the
state of Rhode Island. We checked the spatial dependence in regression analysis and
compared the performance of Ordinary Least Square (OLS), spatial error and spatial
lag regression models for the relationship between watershed characteristics and
hydrology. We quantified the relationship between watershed hydrology using the
discharge per area and ratio of runoff to base flow and predicator variables of percent
ISA, distance from ISA to stream, and stream density by OLS and spatial lag
regression models in watershed scale. In addition, we performed hydrologic
simulation using high spatial resolution ISA and compared it with the simulation with
ISA replaced by forest to study the impact of ISA on hydrology.
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2. Study Area and Data
2.1 Study area
We selected 20 watersheds at HUC 12 level representing a variety oflevel ofISA
cover and different degrees of urbanization in Rhode Island to perform the analyses.
The study watersheds lie within the Blackstone River watershed and the PawcatuckWood watershed both at HUC 8 level between 41°25' to 42°( northern latitude and
0

'

0

'

71 20 to 71 47 western longitude (Figure 1). The areas of the study watersheds range
from 1,500 ha to 13,000 ha. The elevation varies from sea level to 240-m. The
watersheds have typical land cover types in Rhode Island including agriculture, forest
and urban. These land cover types are distributed heterogeneously in the study
watersheds. According to our previous study, 10 percent of Rhode Island has been
covered by ISA in 2004 (Zhou and Wang, 2007).
2.2 Data
The data used in this study include high spatial resolution ISA, a Digital Elevation
Model (DEM), land cover, vegetation index, soil type, and meteorological data.
Examples of input data including land cover, ISA and soil type are illustrated in Figure
2. ISA is one of the most important factors impacting watershed hydrology, and it is
the focus of this study. We extracted ISA information from 1-m high spatial resolution
Orthophoto using an object-oriented classification method (Zhou and Wang, 2008b).
In the study watersheds, percentages ofISA range from 3% to 29%. The dynamic
range of ISA percentage permits an evaluation of the impact of ISA on hydrology. We
developed DEM from 1:100,000 USGS Hypsography Dataset 10 Meter Elevation
Contour Lines and converted the vector data to 10-m resolution grid. We obtained
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land cover data from the Landsat TM image at 30-m spatial resolution. The major land
cover types in this area using USGS system include coniferous forest, deciduous forest,
mixed forest, wetland, urban, grass, agriculture and water (Novak and Wang, 2004).
We delineated the stream networks using the DEM and the National Hydrography
Dataset (NHD) data (USGS, 2007). We derived soil type data from 1996
USDA/NRCS 1:15,840 SSURGO soils and employed the lookup table between soil
types and soil properties to extract the soil parameters required for our simulation
model (Zhou and Wang, 2008a). We obtained leaf area index (LAI) from vegetation
index of simple ratio (SR) with the help ofland cover data. We adapted the
relationship between SR and LAI (Zhou et al., 2007) and modified it for Landsat TM
with the adjustment coefficient. We used meteorological data including hourly
precipitation, daily maximum temperature, minimum temperature, mean temperature,
humidity, and radiation from the weather station at Kingston, Rhode Island. We used
meteorological data from March 20 to April 28, 1997 in all simulations studies. We
selected early Spring as the period of simulation to examine rainfall-runoff
relationships. In most years stream flow in early Spring in the study area is
characterized by both storm runoff and base flow due to an excess of precipitation
compared to evapotranspiration.

3. Methods
3.1 Hydrologic simulation
We used a DORS model to perform the hydrologic simulation in selected
watersheds taking advantage of its capacity that incorporates high spatial resolution
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ISA. The model includes major components of segmentation, parameterization,
interception, infiltration, evapotranspiration, saturated flow, overland flow, and
channel flow. The DORS model takes objects, group of pixels, as spatial units to
reduce data volume, increase computational efficiency, strengthen representation of
watersheds and utilize the data in different scales. The model provides a framework to
integrate remote sensing data and the derived products in different scale for the
simulation of hydro logic process in a watershed. The object-based algorithm also
improves the simulation efficiency. Object-by-object routing produces threedimensional representation of surface and saturated subsurface flow.

In the simulation, the DORS model performed a segmentation process on land
cover with stream network. After that, the model carried out the parameterization for
DEM, ISA, SR, and soil types in various scales. In this process, the parameters such as
flow direction and effective boundary length used for relationships between
neighboring objects were derived. With the derived parameters for each object in the
watershed, the DORS model performed the simulation of surface runoff, groundwater
and channel flow using three sub-models.
We evaluated the DORS model by comparing simulated stream flow rates to
measurements from USGS gaging stations at the outlets in two selected watersheds
using the ratio of absolute error to the mean and Nash coefficient (Zhou and Wang,
2008a). The validation result indicated that the DORS model is capable of capturing
the relationship between rainfall and runoff in the study watersheds. The comparison
between simulation results using high and low spatial resolution ISA demonstrated
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that incorporation of high spatial resolution ISA improves the performance of
hydrologic simulation.
The DORS model has the capacity of exporting discharge, runoff and base flow.
Discharge pattern is a critical index indicating the watershed hydrology. It is mainly
affected by runoff that has important impacts on materials movement and associated
pollution in a watershed (Arnold and Gibbons, 1996). The ratio of runoff to base flow
is frequently used to represent the hydrologic response to different combinations of
land use, especially increasing ISA ([Harbor, 1994], [Fohrer et al., 2000] and [Lee et
al., 2003]). Therefore, this study used two indicators, discharge per area and ratio of
runoff to base flow to analyze the hydrologic pattern in 20 study watersheds. The ratio
of runoff to base flow is unitless, and unit of discharge per area is normalized to
mm/day using watershed area.
In addition, we performed a simulation in the example watershed (Figure 2) with
real high spatial resolution ISA and compared it to a simulation in which ISA was
replaced by forest to study the impact of ISA on hydrology.
3.2 Watersheds characteristics
We built indicators including percentage of ISA and distance from ISA to stream
to quantify the ISA and its spatial patterns in the 20 study watersheds. We derived
these indicators from the 1-m high spatial resolution ISA and stream network data.
This study used spatial analysis in GIS to derive distance from ISA to stream (Figure
2d) and used the mean value for each watershed in the analyses. In addition, this study
included an indicator of stream density to further explore the variation of hydrology
pattern in study watersheds. We calculated all indicators for each study watershed.
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Percentage of ISA is unitless, the unit of distance from ISA to stream is normalized to
km/kn/ using watershed area, and the unit of stream density is normalized to krn/km2
using watershed area.
3.3 Regression analysis
We used regression methods to analyze the hydrologic response to spatial
configuration and percentage of ISA. The spatial dependence in observations is not
considered in OLS regression techniques. We used spatial lag and spatial error
regressions (Anselin et al., 2006) for their capacity in analyzing geospatial data and
the possible spatial dependence in observations. We performed the diagnostics for
multicollinearity and spatial dependence and test of Lagrange Multiplier (LM) and
robust LM before the regression analyses. Analyses were performed with GeoDa
(version 0.9.5-i) software (Anselin et al., 2006).
We checked three regression models using the response variables, discharge per
area and ratio of runoff to base flow, and a set of predicator variables including
percentage of ISA, distance from ISA to stream, and stream density from 20 study
watersheds. The equations for OLS (Eq.1), spatial lag (Eq.2), and spatial error (Eq.3)
regression models were described as:
R

= /30 + /31 (Per ISA)+ /32 (Dist)+ /33 (StreamDen)

+&

where R is discharge per area and ratio ofrunoff to base flow,

/31 , /32

and

/33 are regression

(1)

/30

is the intercept,

coefficients of the predicator variables, and

&

is

random error, Per ISA is the percentage ofISA, Dist is the distance from ISA to stream,
and StreamDen is the stream density.
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R

= pWR

+ /Jo + /] 1 (Per ISA)+

/J2 (Dist)+ /J3 (StreamDen)

+c

(2)

where WR is a spatially lagged dependent variable for weights matrix Wand p is
a parameter from regression. In this study, we obtained the Wbased on method of KNearest neighbors (Anselin et al., 2006).

R =/Jo+ /J1 (PerISA)+ /J2 (Dist)+ /J3 (StreamDen)+v
v

= 1Wv+u

(3)

where v is a vector of spatially auto correlated error terms, u is a vector of
independent and identically distributed (i.i.d.) error, and 1 is a parameter from
regression.
The R 2 in the spatial regression is a pseudo R 2 . It is not comparable with the
measure in OLS regression. The pseudo R 2 serves as a rough estimate on explanatory
power of the models (Piha et al., 2007). Compared with R 2, the Akaike information
criterion (AIC) is a more suitable measure of performance for spatially correlated data
(Anselin et al., 2006). Therefore, the comparison of the model performance in this
study was based on AIC. The model with the lowest AIC value is the best.

4. Results

The correlations among the predicator variables are illustrated in Table 1. The
result indicates that there is only significant correlation between distance from ISA to
stream and stream density. The multicollinearity test using GeoDa indicates that the
regression between discharge per area and percentage of ISA, stream density have a
lower score than that between discharge per area and all three predicator variables
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(Table 2). The test of multicollinearity indicates that the regression between ratio of
runoff to base flow and percentage of ISA and distance from ISA to stream have a
much lower score than that between ratio of runoff to base flow and all three
predicator variables (Table 2).
The analysis of spatial dependence shows that the Moran's I score of0.18 (p<0.01)
for the relationship between ratio of runoff to base flow and percentage of ISA and
distance from ISA to stream is highly significant, indicating spatial autocorrelation in
the model residuals (Table 2). The LM test of lag and error are both significant
(p<0.05), while robust LM test of error is not significant (Table 2). The result
indicates that the spatial lag regression model is better for the regression analysis
between ratio of runoff to base flow and watershed characteristics (Anselin et al.,
2006).
However, for the relationship between discharge per area and percentage of ISA
and stream density, Moran's I score is not significant, indicating no significant spatial
autocorrelation in the residuals (Table 2). The LM test of lag and error are not
significant, also indicating absence of spatial dependence.
4.1 Discharge per area

Table 3 shows the comparison of three models for the relationship between the
discharge per area and percentage of ISA, distance from ISA to stream, and stream
density (Table 3a), and relationship between the discharge per area and percentage of
ISA and stream density (Table 3b), and relationship between the discharge per area
and percentage of ISA (Table 3c).
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Table 3 demonstrates that AIC are 32.68, 34.66, and 30.32, respectively for the
OLS, spatial lag and spatial error regression models with three predicator variables.
Based on AIC comparisons, there is small difference between the spatial regression
models and OLS model. The statistical analyses indicate that the R 2 are 0.69, 0.66 and
0.46, respectively, for the OLS regression model with different predicator variables.
The results indicate that the coefficients for ISA in three OLS models are significant at
the a =0.0l level. ISA can explain 46% variation in the observations. The inclusion of
stream density improves the explained variation. There is small improvement in
explained variation after the inclusion of distance from ISA to stream because of the
collinearity between stream density and distance from ISA to stream (Table 1).
With the comparisons using different independent variables and the consideration
of multicollinearity, we selected the OLS model with percentage of ISA and stream
density to analyze the relationship between discharge per area and watershed
characteristics (Figure 3). Increases in percentage of ISA and/or stream density
correspond to increases in discharge per area.

4.2 Ratio of runoff to base flow
Table 4 summarizes the comparisons of three models for relationship between
ratio of runoff to base flow and percentage of ISA, distance from ISA to stream, and
stream density (Table 4a), and relationship between ratio of runoff to base flow and
percentage of ISA and distance from ISA to stream (Table 4b), and relationship
between ratio of runoff to base flow and percentage of ISA (Table 4c).
AIC are -5.27, -10.96, and -10.52, respectively for OLS, spatial lag and spatial
error regression models with three predicator variables (Table 4). Based on AIC
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comparisons, the spatial lag regression model was superior to OLS in regression with
different independent variables. The AIC is -12.01 for spatial lag regression models
with two predicator variables of percentage of ISA and distance from ISA to stream
(Table 4). The statistical analyses indicate that the R 2 are 0.57, 0.56 and 0.31,
respectively, for the OLS model with different predicator variables. The results
indicate that the coefficients for ISA in the OLS models are significant at the a =0.1
level, and that ISA can explain 31% variation in the observations. The inclusion of
distance from ISA to stream improves the explained variation. There is a small
difference in explained variation after the inclusion of stream density because of the
collinearity between stream density and distance from ISA to stream (Table 1).
With the comparisons between the OLS and spatial regression models as well as
the comparisons using different independent variables and consideration of spatial
dependence and multicollinearity, we selected the spatial lag model with the
percentage of ISA and distance from ISA to stream to analyze the relationship
between ratio of runoff to base flow and watershed characteristics. The determining
'

factors coefficients in spatial lag model indicates that increases in percentage of ISA
and/or decreases in distance from ISA to stream correspond to increases in ratio of
runoff to base flow.
4.3 Impact of ISA

The comparisons of simulation with real high spatial resolution ISA and with ISA
replaced by forest are illustrated in Figure 4 and 5. The results indicate that ISA has
significant impact on both total discharge and ratio of runoff to base flow. With 11%
area covered by ISA in study watershed, the magnitude of the discharge peak is
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doubled compared to the simulated discharge without using ISA. The means of
discharges in this period with and without high spatial resolution ISA are l .60m/s and
1.46m/s. As for the ratio of runoff to base flow, ISA plays more important role. The
magnitude of the peak for ratio ofrunoffto base flow using real high spatial resolution
ISA is twice that from the simulation without using ISA. The result also indicates that
the maximum ratio of runoff to base flow ratio occurs earlier in the study watershed
with ISA.

5. Discussions
We applied the DORS models in selected watersheds with various levels of
urbanization in the state of Rhode Island and derived hydrologic patterns from
simulation results using selected indicators. We used three predicator variables of the
percentage ofISA, distance from ISA to stream, and stream density for ISA-related
watershed characteristics to build the relationship with the response variables of
hydrologic pattern. We employed the OLS regression model, spatial lag and spatial
error regression models to analyze the relationship. With the test of spatial dependence
and comparison of the AIC, we used the spatial lag model and associated parameters
to quantify the relationship between ratio of runoff to base flow and the percentage of
ISA and distance from ISA to stream. We used the OLS regression model to quantify
the relationship between discharge per area and percentage of ISA and stream density.

5.1 Spatial dependence
The statistics analysis indicates that spatial dependence in observations is not
negligible when building the relationship between ratio of runoff to base flow and
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watershed characteristics. It brings errors in estimating the regression coefficients,
standard errors, and coefficients of determination. Ignorance of spatial dependence
will likely cause incorrect and inaccurate conclusions for research hypotheses. The
result also indicates that the spatial dependence is not significant in building the
relationship between discharge per area and watershed characteristics. The
consideration of spatial dependence does not improve the model performance for the
relationship between discharges per area and watershed characteristics.
5.2 Relationship with watershed hydrology
Impervious surface increases runoff production and reduces the time of
concentration of surface runoff, and therefore, changes the hydrologic pattern in
watersheds. The change of hydrology is likely to cause problems such as soil erosion,
water pollution and ecological degradation in streams. The analyses using OLS and
spatial regression models demonstrate that the coefficient for the predicator variable of
ISA percentage is always statistically significant in all relationships. In all regression
models, ISA has a positive impact on the ratio of runoff to base flow and discharge per
area. We compared the strength of the percentage of ISA in relationship between ratio
of runoff to base flow and watershed characteristics considering the OLS and spatial
lag regression models, as shown in Table 4. Using the spatial lag regression model, the
magnitude of determining factor coefficient gets lower. It indicates that the impact of
ISA on hydrology may be overestimated without the consideration of spatial
dependence.
The spatial lag regression model has the better performance for the relationship
between ratio of runoff to base flow and predicator variables. The OLS regression
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model provides the similar performance as spatial regression models for the
relationship between discharge per area and predicator variables. We used those
models and the associated parameters to evaluate impact of ISA on hydrologic pattern.
The results from the regression equations indicate that increase in percentage of ISA
corresponds to increases in ratio of runoff to base flow and discharge per area.

5.3 Impact of ISA
The coefficient of determination (R2) in all regression models indicates that ISA
explains an important part of variations in hydrologic pattern. This also implies that
there are other factors contributing to the unexplained variations although percentage
ofISA significantly impacts hydrology. In the regression analyses, results indicate that
inclusion of distance from ISA to stream improves the explained variation in ratio of
runoff to base flow and the inclusion of stream density improves the explained
variation in discharge per area. The regression analysis indicates that the distance from
ISA to stream has negative impacts on ratio of runoff to base flow and that stream
density has positive impacts on discharge per area.
The comparison of simulations with high spatial resolution ISA and with ISA
replaced by forest demonstrates that ISA has important impact on both total discharge
and ratio ofrunoff to base flow. It is found that the increased ISA from urban
development changes the watershed hydrology obviously.

5.4 Further applications
The method and model developed in this study can be extended to investigate the
impact of ISA or other factors on issues beyond watershed hydrology. In further
studies, we plan to incorporate the models such as soil erosion and water quality into
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hydrologic simulation and study the impact of ISA on these phenomena using the
spatial regression models. Moreover, there are several possible factors impacting
hydrologic pattern in watersheds.
1). Soil characteristics including soil moisture and soil properties in watersheds
can introduce uncertainties in regression models;
2). Terrain characteristics in watersheds such as slope and aspect, are sources of
uncertainties in regression models;
3). Land cover types have different parameters such as Manning coefficient in
hydrologic modeling, which are not considered in the regression analyses;
4). Errors in hydro logic simulation and estimation of predicator variables ofISA
and stream network can cause error in the construction of regression
relationship.
Evaluation of potential effects of other factors such as soil and terrain
characteristics with the help of available data may improve the accuracy of regression
models.

6. Conclusions
In this study, we analyzed the spatial dependence in regression analyses and
compared three regression models in construction of relationships between hydrology
pattern and predicator variables of percent ISA, distance from ISA to stream, and
stream density. The incorporation of high spatial resolution ISA in hydrologic model
improves hydrologic simulation and reduces the uncertainty in regression relationship.
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Because of the spatially correlated residuals in regression between ratio of runoff to
base flow and watershed characteristics using OLS model and the best performance of
spatial lag regression model, we used spatial lag model to explore relationship
between ratio of runoff to base flow and predicator variables. Without spatially
correlated residuals in regression between discharge per area and watershed
characteristics using OLS model, we used this regression model to analyze the
relationship between discharge per area and predicator variables. By evaluating the
indicators of ratio of runoff to base flow and discharge per area, we found that the
percentage of ISA is closely related to the hydrology pattern although there are some
unexplained variations in the regression models. Without consideration of spatial
dependence in OLS model, the magnitude ofISA impact on hydrology in term of ratio
of runoff to base flow was estimated inaccurately. From the established relationship
between hydro logic pattern and watershed characteristics, the magnitude of change in
hydrology with the change of ISA and other factors can be derived. The comparison
between simulation with real high spatial resolution ISA and with ISA replaced by
forest emphasizes the importance of ISA in watershed hydrology in term of total
discharge and ratio of runoff to base flow.
Overall, the high spatial resolution ISA, the hydrologic model, and spatial
regression models investigated in this study provides flexible tools and information to
evaluate the impact of complex practice in planning and management activities on
watershed hydrology. Ignorance of spatial dependence will likely cause inaccurate
conclusions for analysis ofrelationship between ISA and watershed hydrology. The
relationships between watershed characteristics and hydrology will be of help to
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decision makers in watershed management. In addition, the method can be extended to
study other issues related to watershed hydrology, such as water quality, using the
extracted high spatial resolution ISA.
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Figure Captions
Figure 4-1. The 20 study watersheds at HU C 12 level in the state of Rhode Island,
watersheds at HUC 8 level, and stream network

Figure 4-2. The location of an example watershed in analysis and required inputs
including (a) land cover, (b) soil types, (c) 1-m spatial resolution ISA, and (d) distance
from ISA to stream.

Figure 4-3. The relationship between discharge per area and percentage of ISA and
stream density; the increase of percentage of ISA and/or the increase of stream density
correspond to the increase of discharge per area.

Figure 4-4. The comparison of discharges in study watershed with real high spatial
resolution ISA and with ISA replaced by forest.

Figure 4-5. The comparison of ratio of runoff to base flow in the study watershed with
real high spatial resolution ISA and with ISA replaced by forest.
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Table 4-1. Pearson correlation coefficient matrix of linear relationships between
percentage ofISA (PerJSA), distance from ISA to stream (Dist), and stream density
(StreamDen), data from 20 study watersheds.
PerlSA

Dist

StreamDen

1.00

I

I

Dist

ns

1.00

I

StreamDen

ns

-o.s7***

1.00

PerJSA

Significance levels: ***p<0.01,**p<0.05, *p<O.l, ns p>0.1.

111

-

Table 4-2. Spatial dependence and multicollinearity for the regression relationship
between hydrology pattern and watershed characteristics of percentage of ISA

(Per/SA), distance from ISA to stream (Dist), and stream density (StreamDen), data
from 20 study watersheds.
Discharge per area

Ratio of runoff to base flow

Per/SA, Dist,
StreamDen

!SA,
StreamDen

Per/SA, Dist,
StreamDen

Per/SA, Dist

Multicollinearity

27.92

19.55

27.93

3.79

Moran's I

ns

ns

0.18***

0. 18***

ns

ns

10. 11***

9.31 ***

ns

ns

3.32**

3.36**

Robust LM (lag)

ns

ns

8.94***

7.45***

Robust LM (error)

ns

ns

2.16

1.5

Lagrange
Multiplier (lag)
Lagrange
Multiplier (error)

Significance levels: ***p<0.01,**p<0.05, *p<0.1, ns p>0.1.
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Table 4-3. The regression analysis for (a) the relationship between discharge per area
and percentage of ISA (Per!SA), distance from ISA to stream (Dist), and stream
density (StreamDen), (b) the relationship between discharge per area and Per!SA and

StreamDen, and (c) the relationship between discharge per area and Per!SA, data from
20 study watersheds.

OLS

Constant
Per/SA
Dist

SpatialLag

SpatialError

a

b

C

a

b

C

a

b

C

ns

ns

3.23...

ns

ns

ns

ns

ns

3.20...

6.02"'

6.49'"

6.52...

6.06'"'

6.57'"

6.49' ..

5.96' ..

6.48'"

6.96...

ns

I

6.14...

I

ns

ns

7.76'"

6.15••·

I

7.76...

6.30'"

I

7.70...

p

I

I

I

ns

ns

ns

I

A

I

I

I

I

I

I

ns

ns

ns

0.69

0.66

0.46

0.69

0.67

0.46

0.68

0.66

0.51

32.68

32.27

39.53

34.66

34.08

41.50

30.32

29.62

38.50

StreamDen

R2

AIC

Significance levels: ***p<0.01, **p<0.05, *p<0.1, ns p>0.1.
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Table 4-4. The regression analysis for (a) the relationship between ratio of runoff to
base flow and percentage ofISA (PerISA), distance from ISA to stream (Dist), and
stream density (StreamDen), (b) the relationship between ratio of i:unoffto base flow
and Per ISA and Dist, and (c) the relationship between ratio of runoff to base flow and
Per!SA, data from 20 study watersheds.

Spatial Lag

OLS

Spatial Error

a

b

C

a

b

C

a

b

C

0.91'

0.64' ..

0.52...

ns

ns

ns

0.74"

0.55...

0.46'"

Per/SA

2.21"'

2.16"'

1.78'

2.05'"

1.99...

1.71...

2.03 ...

2.01"'

1.so"'

Dist

-12.14

-10.71""

-9.23"'

-6.96"

-5.90"

ns

I

ns

ns

I

0.74'"

0.75"'

0.79"'

Constant

StreamDen

p

0.10"'

0.77"'

I

I

0.72"'

I

I

I

I

R2

0.57

0.56

0.31

0.73

0.72

0.61

0.70

0.70

0.64

AIC

-5.27

-6.87

0.19

-10.96

-12.01

-7.04

-10.52

-12.14

-10.20

A,

Significance levels: ***p<0.01,**p<0.05,*p<O.l, ns p>O.l.
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Figure 4-1. The 20 study watersheds at HUC 12 level in the state of Rhode Island,
watersheds at HUC 8 level, and stream network
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Figure 4-2. The location of an example watershed in analysis and required inputs
including (a) land cover, (b) soil types, (c) 1-m spatial resolution ISA, and (d) distance
from ISA to stream.
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Figure 4-3. The relationship between discharge per area and percentage ofISA and
stream density; the increase of percentage ofISA and/or the increase of stream density
correspond to the increase of discharge per area.
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Figure 4-4. The comparison of discharges in study watershed with real high spatial
resolution ISA and with ISA replaced by forest.
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