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Abstract

This paper proposes an approach to assess the influence of the uncertainty present in
the parameters dependent on the land cover and elevation data over the peak flow
values and the subsequent delineation of flooded areas. The proposed approach was
applied to produce vulnerability and risk maps that integrate uncertainty for the urban
area of Leiria, Portugal. A SPOT-4 satellite image and DEMs of the region were used.
The peak flow was computed using the Soil Conservation Service method and HEC-
HMS, HEC-RAS, Matlab and ArcGI S software programs were used. The analysis of the
results obtained for the presented case study enables the identification of the order of
magnitude of uncertainty associated to the watershed peak flow value and the
identification of the areas which are more susceptible to flood risk to be identified.
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1. Introduction

Floods can be defined as an overflow of water frorars, lakes and weirs. The
increase of runoff, in most cases, is caused gnge and concentrated rainfall, but can
also have other causes such as thaw, sedimentitiepds riverbedsor low capacity of
infiltration, among others. The most common floodad where the economic and
social impacts are higher, correspond to an owerbbwater from rivers. Presently, as
a result of high urban growth, due to the rapid ydafpon growth and migration,
problems arise due to the use and occupation okdlile(Tucci, 2007). A soil with
artificial urban occupation is more impermeable ths® infiltration of runoff is lower,
thus increasing the likelihood of downstream flowdi Moreover, changes in
topography and/or vegetation as well as cloggirdydiversion of water lines cause the
occurrence of floods and for this reason shoulaedysed and weighted at the spatial
planning level (Jhat al., 2012).

To ensure the safety of people and property, itdsessary to identify flood risk
areas and flood control through non-structural tswhs (which may work in
conjunction with structural solutions) such as éasting and development of flood
warning systems and preparation of emergency planstder to implement the most
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appropriate flood control proceeding, it is necegsda know the impact of the peak
flow for a given return period. However, there iscartainty associated to the peak
flow, as a result of the uncertainty existing ingraeters dependent on the type of land
cover and the Digital Elevation Model (DEM), whiplopagate to the results.

There is always uncertainty associated with geddcap representation, which
comes from the fact that the representations dftyeare incomplete and imperfect.
The uncertainty existing in the spatial data used the analysis operations is
propagated to the results during the calculatiaocess, influencing the final results.
The several sources of uncertainty are then cordbinfluencing the results in a way
that may have negative impacts on the decision mgafGeet al., 2008).

This paper intends to evaluate the effects of stweurces of uncertainty that may
influence the choice of the hydrological model paeters, such as the Digital
Elevation Model (DEM) and the land cover data ested automatically from
multispectral remote sensing images, and to propasethod to model and propagate
these sources of uncertainty to the obtained fligddmaps. The proposed methodology
was applied to a case study, corresponding torthenuarea of Leiria, in Portugal.

2. Data Sets and Methodology

The proposed methodology comprises the followiegst

1) Delineation of the sub-watershed of a river isectusing different digital
elevation models, obtained with different interpota. The altimetric information was
obtained by photogrammetry processes.

2) Production of a Land Cover MghCM) using supervised soft classifiers to
perform the soft classification of a satellite nagectral image, generating a possibility
distribution assigned to each pixel. Since thesifasition results are influenced by the
sample pixels selected as a training set, an aditomethod to assist the selection of
training samples using ancillary information, therialized Difference Vegetation
Index and information provided by the classification umaimty was used, to obtain
more accurate outputs. In the presented case stuahyultispectral SPOT-4 satellite
image was used.

3) Calculation of the LCM uncertainty with the ajpplion of uncertainty measures.
The Relative Maximum Deviation Measure uncertaimtgasure, available in IDRISI
software, was used in the case study.

4) Estimation of the peak flow values for a retperiod of 100 years, using fuzzy
arithmetic and HEC-HMS software. This enables aeriral for the peak flow to be
generated, which includes all possible peak floives.

5) Production of the flood risk map and the vulhédity maps according to the land
cover in the area under study, using HEC-RAS andA8 software. Flood and risk
maps are produced with the representation of umiogytin the delineation of the
flooded area and the flooding risk level.

3. Case Study

3.1. Digital Elevation Modeland watershed boundary
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The altimetric information used are elevation coansoand elevation points obtained
from the digital cartography at the scale 1:10 @d06duced using photogrammetry
processes. To determine the influence of the DEMhim watershed delineation, 3
DEMs of the study area were produced using: (1) ghene interpolation methods
spatial resolution (20m) and different spatialraéitric data; (2) different interpolation
methods, same resolution (20m) and different dpatitametric information. The
interpolation methods used were Inverse DistanceghgDW) and Discretized Thin
Plate Spline (DTPS); both methods are availablicGIS software. The DEMs
produced were used to delineate the watershed.aféas differences between the
watersheds obtained with the different DEMs weralysed using GIS technology. A
watershed that only includes the pixels belongim@lt obtained watershed versions
was also identified, which corresponds to the negithat, according to the approaches
used, belong to the watershed. Figure 1 shows akieral DEM obtained with the
different interpolation methods and different splatiata. Figure 2 shows the watershed
boundary using different DEMs.
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Figure 1: DEM obtained with the different interpolation metis and different spatial data.
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Figure 2: Fuzzy geographical extent of the watershed.

The results obtained in this step enable a catchmigi fuzzy geographical extent
to be generated, where a degree of membership etdbdisin is assigned to each
elementary spatial unit based on the results obthimith each simulation. Since the
fuzzy basin may be considered as a fuzzy set, ukeyfarea of the basin may be
computed, generating a fuzzy number (Fonte and iag\2004).
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3.2. Production of Land Cover Map and Land CoveMap uncertainty

SPOT-4 multispectral images of the Leiria regior2006 were used to generate the
LCM. The images have a spatial resolution of 20m 4rspectral bands, green (0.50-
0.59 pum), red (0.61-0.68 um), near infrared (0.880um) and short-wavelength
infrared (1.58-1.75 um) (see Figure 3).
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Figure 3: Left: SPOT-4 image (321) of the study area; Rightation of the sub-watershed in
Leiria Municipality.

The classification method used is based on the maxi likelihood classifier
(Bayes classifier). The traditional use of thissslification method assigns each pixel to
the class corresponding to the highest probaldiysity function value. However, the
posterior probabilities can be computed from thaebpbility density functions (Foody
et al., 1992). These posterior probabilities add up e &or each pixel, and may be
interpreted as representing the proportional cwfethe classes in each pixel or as
indicators of the uncertainty associated with thelpallocation to the classes (Ibrahim
et al., 2005). In this paper, this second interpretaisoiollowed.

The methodology used consisted of the followirgpst (1) establishment of the
protocol and selection of the training and tessiagnple pixels; (2) performing a soft
classification with the defined training sample) €Xtracting the degree of uncertainty
of the classification for the pixels in the traigisample; (4) eliminating the training
sample pixels with low levels of certainty; (5) s$#fication of the image with the
modified training sample; and (6) evaluating thasslification accuracy. The classes
used in this classification were: Artificial Are#8A); Barren Areas (BA), Irrigated
Herbaceous Crops (IHC); Forest Areas (FA), Hetanegas Agriculture Areas (HA)
and Shrub Lands (SL). The uncertainty was evaludtedeach pixel using the
uncertainty measure E, developed by Chow (197@) garen by Equation (1):

E(x) =1- p(x) 1)

where p(x) is the largest degree of probability of the piuligy distributions assigned
to pixelx.

The accuracy assessment was made with an erroixraat the Overall Accuracy
was computed as well the User and Producer Accuraliges for all classes. The total
sample size used for testing included 600 pixedected using a stratified random
sampling of 100 pixels per class. The informatibmederence data for these pixels was
obtained from aerial images with finer spatial fagon.

The Global Accuracy of the classification with SROatellite images was 72%.
Figure 4 shows the hard version of the classificatiesults (the best class assigned to
each pixel).
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Figure 4: Hard version of the soft Classification of thedst@area.

3.3. Watershed peak flow

In this study the empirical method Soil ConseatService (SCS) was used to
estimate the peak flow of the watershed. For thg 8@thod, the peak flow Q {fs) is
computed using Equation (2):
0= 0.27Zk Ah, @

p
where k is a coefficient ranging between 0.5 artd (flepending on the slope of the
watershed), A is the watershed’s area{krh, is the excess rainfall (mm) anglis the
time to peak (hours). The factor 0.277 is the cosiva factor of units. For this
application a value of k = 0.75 was used. Time ¢alpis given by tp = tr/2+0.6tc,
where tr is the duration of excess rainfall (housgg tc is the concentration time
(hours). The duration of excess rainfall considemgds equal to the time of
concentration. The excess rainfallis computed using Equation (3):

(h-h)’
0 h<h,

where h is the total rainfall (mm), and ts the initial retention (mm). The runoff
coefficient CN is a parameter ranging between 0@ which depends upon the land
cover type. Higher CN values are associated witfindni runoff potential watersheds.
Table 1 shows the interval values of CN chosereémh land cover class, based on the
information provided by (Hammer and Mackichan, 1081

Table 1: Interval values for the coefficient CN considefedthe selected land cover classes.

Classes AA BA IHC FA SL HA

Coefficient CN  [95,97] [91,92] [86,86] [74,82] [Ml] [86,92]

Therefore, for each pixel of the classified imagthin the watershed, depending on
the class assigned to that pixel, an interval ves$gaed corresponding to the value of
CN. Since there is uncertainty in the LCM, to prggi@ this uncertainty to the value of
CN, in the cases where there is considerable waiogrtin the choice between the best
and the second best class (the highest degreeobglpility and the second highest
degree of probability differ less than 0.1) the glgéd mean of the intervals
corresponding to the first and second class arsidered. The weights are the degrees
of probability assigned to each of the two clas$ée final intervals for the watershed
are obtained with the union of all intervals. Figus shows an example of the
application of the interval arithmetic to obtaire trunoff coefficient CN.



Spatial Accuracy 2014, East Lansing, Michigan, July 8-11

Artificial Areas

Barren Areas

0 0 0 0/ 0/ 0O g O 0 0 0 0] 0/ 0/ 0] O
0 O] 0[05] 0/ 0| 0] O 0| 0 0[04] 0/ O 0 O
0/ 0[0,4/09(0,8/0,7|03| O 0| 00301 0] 0/03] O
0/03[08| 1| 1/08|04| O 003 0] 0] 0] 005 O
0/ 0[0,4] 1] 1/08|05| O 0| 005| 0| 0] 0/05] O
0 0| 0[06]07] 0/04]| O 0 0 1 0 0 1 0 0
0O 0 0 0/ 0/ O O O o 0 1 1| 1] 1 0 0
O 0 0 0/ 0/ Of O O 0O 00 0 0/ 0] O] 0] O

05+{0507]+ 04{0102] _ 104

0.9

Figure 5: Example of the application of interval arithmeticobtain the runoff coefficient CN.

The catchment peak flow is then evaluated forlihsin using fuzzy arithmetic.
With this methodology a fuzzy number is obtainedtfe peak flow, which indicates
all possible peak flow values and the possibilityheir occurrence.

3.4. Production of the flood risk map and the vulneability maps

While the flood risk maps represent the areas #dogthen the capacity of the river
is lower than the peak flow, for a given returnipér the vulnerability maps identify
the flood damage according to the soil occupatiorhis case study, using HEC-HMS
software two flood hydrographs were obtained aeference section (see Figure 2)
according to the uncertainty of watershed physipigiacharacteristics and for a return
period of 100 years. These hydrographs representoihier and upper limit for peak
flow at the reference section and were used tanddfie risk maps (each hydrograph
represents a flooded area, see Figures 6 and Bstablish the flooded area for each
hydrograph, HEC-RAS software was used. The vulniéralmap was obtained by
overlapping the flooded area and the land cover, msipg the ArcGIS software.
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Figure 6: Maximum and minimum flood hydrograph obtained in@G4BMS and used in HEC-
RAS software.
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Figure 7: Uncertainty in flood risk mapping in the urbanac Leiria.
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4. Conclusion

The results show that the influence of uncertaingy have a significant effect on
the delineation of flood risk maps in urban ardas. example, the differences in the
area obtained for the watersheds generated usingsDith different methods is, in
some cases, almost 20%, showing that the wateddiagtbation method may influence
the results considerably, especially in the flattiezas. By using this method, instead of
obtaining one peak flood value, an interval is oted for the peak flood which allows
different levels of flood risk mapping in urban aseto be defined, according to the
degree of uncertainty. This methodology can beuldefdefine the levels of risk used
by insurance companies.
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