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Abstract: A common natural disaster worldwide is flash-floods. Usually, the catchments affected by flash floods are ungauged. 
The absence of flood records leads to remarkable uncertainty in floodplain modeling and mapping estimation. In this 
study, a probabilistic framework for floodplain mapping has been developed to assess the uncertainty related to the 
roughness coefficient parameter used in hydraulic-hydrodynamic modeling. The popular hydraulic-hydrodynamic 
model HEC-RAS was implemented using a Visual Basic Monte Carlo code, to assess roughness coefficient 
uncertainty at ungauged catchments. A high-resolution DEM, created by Terrestrial Laser Scanner data has been used. 
Pebble count field surveys and empirical formulas have been used for the estimation of the initial Manning’s n 
roughness coefficient value. Several probability distribution functions were fitted to the estimated roughness 
coefficient values and evaluated using various “goodness-of-fit” criteria. The Manning roughness coefficient values 
were sampled using Latin Hypercube sampling technique. Finally, flood inundation probability maps have been 
produced. The validation process is based on historical flood extent data, a binary wet-dry interpretation and the use 
of Median Absolute Percentage Error as an evaluation statistical measure. The proposed framework have been 
implemented at the ungauged Xerias stream watershed, Volos, Greece. The proposed floodplain mapping uncertainty 
framework justified through a detailed sensitivity analysis. The results indicate that the proposed framework enables 
probabilistic flood hazard mapping and may assist the decision-makers to devise better flood risk mitigation strategies 
for ungauged catchments. 
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1. INTRODUCTION  

Hydrologic hazards are an important category of natural hazards that preoccupy humans from 
ancient times. One of the most important hydrologic hazards is floods. The last decades have been 
observed a positive trend in the appearance of extreme flood inundation events (Hall et al., 2014). A 
typical category of extreme flood inundation events is flash floods for which the mortalities, 
structural damages, and economic losses are immense (Aronica et al., 2012). Usually, the areas 
affected by flash floods are small and medium sized ungauged catchments and appropriate flood 
data are not available due to the nature of the extreme event. 

 The use of gauged data, for calibration and validation of the hydraulic-hydrodynamic models, is 
the most common approach in floodplain modeling and mapping process (Bates et al., 2006). The 
flood inundation areas evaluation can be achieved using deterministic and/or probabilistic hydraulic 
approaches. However, in areas where sufficient data are not available, the typical deterministic 
hydraulic-hydrodynamic modeling approaches may result in erroneous outcomes due to the 
neglection of several sources of uncertainty (Alfonso et al., 2016). The prime uncertainty factor in 
floodplain modeling and mapping is the Digital Elevation Model (DEM) accuracy and it may be 
minimized with the use of DEM derived by new advanced topographical survey methods such as 
Airborne Laser Scanner (ALS), Terrestrial Laser Scanner (TLS), and Unmanned Aerial Vehicles 
(UAV). On another study of Papaioannou et al. (2016), it has been shown that the hydraulic-
hydrodynamic modeling selection (1D, 2D, 1D/2D) may be insignificant when high-quality DEM 
data are used. The usual hydraulic-hydrodynamic modeling choice when applying the probabilistic 
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hydraulic approach using Monte Carlo analysis is 1D hydraulic models (Di Baldassarre et al., 
2010).  

Another source of uncertainty, especially for one-dimensional (1D) hydraulic-hydrodynamic 
models, is the uncertainty in the values of roughness coefficient. Many studies have investigated the 
effect of roughness coefficient in floodplain modeling and mapping using gauged data or adequate 
amount of data (Kiczko et al., 2013). However, there is a gap of knowledge in ungauged streams 
and a detailed investigation is needed. An uncertainty analysis framework of floodplain mapping 
due to roughness coefficient has been developed in this study. The hydraulic-hydrodynamic model 
HEC-RAS has been used in the modeling analysis. The framework has been implemented at the 
ungauged watershed of Xerias stream, Volos, Greece.  

2. STUDY AREA 

The location of the study area is the ungauged Xerias stream watershed, Thessaly region, 
Magnesia prefecture, Greece (Fig. 1). The extreme flood event of the October 9th, 2006 has been 
examined. A Clark Instantaneous Unit Hydrograph (CIUH) of the specific extreme event have been 
created and validated in a previous study (Papaioannou et al., 2016). The validation area (Fig. 1) 
have been set up using several sources such as newspaper reports, reports from local authorities, 
local residents’ interviews and testimonies of flood victims (Papaioannou et al., 2016). The 
selection of the study stream reach of 2.2 km length was based on the major impacts of the flood 
event on that area and the stream geometry (Fig. 1). A detailed river and riverine area topography of 
the selected area created with the use of Terrestrial Laser Scanner (TLS) data (Papaioannou et al., 
2013). Further details about the DEM creation, the watershed characteristics and the flood event of 
the October 9th, 2006 of the study area can be found on a number of previous publications 
(Papaioannou et al., 2013, 2015, 2016, 2017). 

3. METHODOLOGY 

A generic probabilistic framework for floodplain mapping for the assessment of the roughness 
coefficient uncertainty at ungauged streams has been developed and presented in this study. Figure 
2 presents the flowchart of the proposed framework. The efficiency of the framework is evaluated 
using some prerequisite data, such as: 1) high-quality DEM, 2) bed material sampling 3) estimated 
hydrograph, 4) estimated flood validation area. The DEM creation, the hydrograph estimation and 
the estimated validation flooded area have been extensively presented in previous studies 
(Papaioannou et al., 2013, 2016). In this paper, the main parts of the framework presented are: the 
pebble count field survey, the estimation of Manning roughness value using several empirical 
formulas, the theoretical probability distribution fitting on the estimated Manning roughness values, 
the Manning roughness values generation using Latin Hypercube Sampling (LHS) and the hydraulic 
modeling (HEC-RAS 1-D model) using a Visual-Basic Monte Carlo code for the estimation of 
flood inundation probability maps (Fig. 2). It should be stated that all the steps of the proposed 
framework have been designed to minimize subjectivity and to generalize its applicability in other 
ungauged stream catchments with similar characteristics.  

3.1 Hydraulic modeling 

The selection of the 1D modeling approach is usually preferred because of the minimum input 
data requirements; it is not computationally expensive; there is a wide variety of freeware software 
and the modeling efficiency in flood inundation processes is established (Tsakiris, 2014). The 
acclaimed HEC-RAS one-dimensional (1D) hydraulic-hydrodynamic model has been selected and 
used in the proposed framework. The river and riverine area geometry have been estimated using 
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the HEC-GEORAS tool, and the TLS derived DEM. To benefit from the high-resolution DEM and 
avoid sensitivity of water surface profiles due to cross section spacing (Sarhadi et al., 2012) the 
cross-section spacing assigned to 1 m. The estimated CIUH have been used as input flow 
hydrograph. A Wolman pebble count field survey (Ward et al., 2016) conducted in Xerias stream by 
counting approximately 1000 samples from the river bed using a zig-zag pattern. According to 
pebble count analysis several standard size diameters, such us d50, d65, d75, d84, and d94, have been 
estimated. Afterwards, the initial Manning’s roughness coefficient (n) values were estimated using 
several empirical formulas. Finally, many theoretical probability distributions (e.g. Normal, 
Lognormal, Gamma, Logistic) were fitted to the initial roughness coefficient values and evaluated 
using several goodness-of-fit statistics and criteria for the optimum generation of roughness 
coefficient values with LHS. The optimum choice of theoretical probability distribution (i.e. 
Lognormal) was selected for the framework setup. Additionally, the theoretical probability 
distributions, Gamma, Weibull, Uniform, which have been successuly passed the statistical tests, 
have been used for sensitivity analysis (Papaioannou et al., 2017). 

 

Figure 1. Study area and the selected stream reach with the observed flooded area. 
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Figure 2. Flow diagram of the proposed framework. 

3.2 HEC-RAS Monte-Carlo framework 

The structure of the proposed framework is based on the manipulation of HEC-RAS software 
through Excel VBA routines and the linking of the outcomes with some geoprocessing tools in 
ArcGIS for the creation of the flood probability maps. The VBA routines have been created by the 
authors and some of them are based on the work of Goodell (2014). The operator of the framework 
should apply the following steps: a) adjust the number of desired acceptable solutions for 
probabilistic flood inundation mapping, b) import the desired Manning roughness coefficients data 
sets, and c) choose the statistical criteria based on the internal validation process for uncertainty 
analysis. For the estimation of Manning roughness coefficients data sets, the Latin Hypercube 
Sampling (LHS) is used. Several statistical quantitative metrics, such as the MSE, RMSE, MAE, 
Bias and MdAPE, have been tested for the selection of the acceptable runs by comparing the 
simulated flood inundation area with the respective observed area. The unbiased qualitative 
criterion of Median Absolute Percentage Error (MdAPE) (Hyndman and Koehler, 2006) have been 
selected for the validation of the framework (Papaioannou et al., 2017). The selection of the 
validation criterion was based on several sensitivity analysis tests and the distribution resemblance 
of the qualitative criterion to the qualitative criterion of Critical Success Index (CSI) for the flood 
inundation area. The threshold of MdAPE for the acceptable runs was set to 20% (with a best fit to 
16%) after preliminary sensitivity analysis of the employed statistical criteria. Finally, the 
acceptable realizations have been used for the creation of the flood inundation probability maps 
with a binary wet-dry reasoning in order to estimate the flood inundation probability of each cell. 
For computational purposes the probability maps were classified in 10 probability classes: 0-10%, 
10-20%, 20-30%, 30-40%, 40-50%, 50-60%, 60-70%, 70-80%, 80-90%, 90-100%. 

A brief description of the framework operation summarized in the following steps: 1) Import the 
input data to the framework, 2) In each simulation run the system assign a new roughness 
coefficient value is sampled from a probability distribution with the use of LHS, 3) In each 
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simulation run the system estimate the selected statistical criterion by comparing the simulated 
flood extent with the observed flood extent for all cross sections, 4) The framework approve or 
discard the simulation according to the MdAPE threshold, 5) A new simulation is assigned with a 
new Manning roughness coefficient value (Papaioannou et al., 2017). The procedure continues until 
the pre-defined number of realizations of acceptable solutions is reached (e.g. 1000 realizations) 
and then, the entire process is terminated. 

In order to examine the sensitivity of the proposed framework, the following different 
configuration sets have been employed: 1) Different realization sets applied using the best fitted 
probability distribution (i.e. Lognormal) for Manning’s n sampling: 100, 200, 500, 1000, 2000, 
5000 realizations, 2) Gamma, Weibull, and Uniform probability distributions for Manning’s n 
sampling have also been examined for 1000 realizations, 3) Two extra validation threshold values 
of MdAPE, 22% and 18%, were examined, 4) Five river cross section spacings have been examined 
with distance varied from 2 m to 32 m (i.e. 2 m, 4 m, 8 m, 16 m and 32 m). 

The flood inundation probability mapping of the above sensitivity analysis results have been 
compared with the respective results for the best configuration of the framework which is using 
1000 relations, use of Lognormal probability distribution, a threshold 20% and river cross section 
spacing of 1m. The results are presented in the next paragraphs. 

4. RESULTS 

The proposed framework has been implemented at the ungauged Xerias stream reach, Volos, 
Greece (Fig. 1). The 1D HEC-RAS model has been used for probabilistic floodplain mapping that 
assesses the uncertainty related to the roughness coefficient. The framework applied for the extreme 
flash flood event of the October 9th, 2006. All the flood probability results were compared and 
examined based on their spatial distribution and the proposed probability classes categorization. 
Figure 3 presents the flood inundation probability map where each pixel express the probability of 
flooding incorporating the uncertainty introduced by the roughness values selection. The results 
have been acquired using the best simulation set up (i.e. using 1000 relations, use of Lognormal 
probability distribution for Manning’s n sampling, a threshold of 20% value of MdAPE, and river 
cross section spacing of 1 m). In the same figure, a high-resolution aerial orthophoto can been seen 
in order to emphasize the display of the inundated area (ten probabilistic classes) and the flood 
hazard (Fig. 3). Also, the optimum flood extent using a deterministic application of HEC-RAS is 
presented with a red line and the validation area with a black line for comparison (Fig. 3).  

The first sensitivity test of the framework achieved using different realization sets and the best-
fitted probability distribution (i.e. Lognormal). Thus, the methodology was run for 100, 200, 500, 
1000, 2000 and 5000 realizations. These results indicated that the flood probability map is affected 
by the number of realizations for realizations less than 1000 realizations. For larger than 1000 
realizations the system becomes almost insensitive (Fig. 4a). More specifically, the results of these 
analysis indicates that the flood inundation probability maps using 100, 200, 500, 1000 and 2000 
realizations number differ from the 5000 realization number flood inundation probability map by 
4.94%, 2.66%, 1.49%, 0.63% and 0.59% respectively. The effect of the number of realizations on 
simulation results has a consistent power pattern, as may be seen in Figure 4a. 
Τhe sensitivity of the method on the selection of probability distribution for the generation of the 

Manning roughness coefficient has been examined using three probability distributions (i.e. 
Gamma, Weibull and Uniform). The Gamma and Weibull probability distributions were two of the 
probability distributions which are satisfactorily fitted to the empirical values and they have passed 
the statistical goodness-of-fit criteria. The Uniform probability distribution has been used in the 
sensitivity analysis because is a common probability distribution used in similar studies (e.g. 
Dimitriadis et al., 2016). Figure 4b presents the results of the analysis and indicates that the flood 
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inundation probability maps using the Gamma, Weibull and Uniform probability distributions differ 
from the flood inundation probability map of the best-fitted Lognormal probability distribution by 
1.53%, 4.48% and 19.22%, respectively. These results emphasize the importance of the appropriate 
probability distribution selection.  

 

Figure 3. Flood inundation map for the best framework configuration (i.e. using 1000 realizations, lognormal 
probability distribution for roughness coefficient generation, MdAPE threshold 20% and 1 m cross section spacing). 

The analysis of the threshold value selection showed that the flood probability map is sensitive to 
threshold changes (Fig. 4c). In particular, the results of flood inundation probability map using 18% 
and 22% of MdAPE threshold differ from the respective results using 20% MdAPE threshold by 
11.73% and 10.69% , respectively (Fig. 4c). 

The sensitivity on the cross section spacing used spacings of 2 m, 4 m, 8 m, 16 m, and 32 m. 
These results indicate that there is a significant effect of the river cross section spacing in the flood 
inundation probability mapping when the distance between the cross sections is equal and larger 
than 16 m. More specifically, the difference of the results for 2 m, 4 m, 8 m, 16 m, and 32 m cross 
section spacing result in differences of 2.07%, 3.69%, 3.20%, 8.43% and 13.29%, respectively, in 
the flood probability map (Fig. 4d). In Figure 4d can be seen that effect of the river cross section 
spacing has a consistent linear pattern. 
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Figure 4. Framework sensitivity analysis using: a) Different realizations sets, b) Different distributions selection, c) 
Different threshold values, d) Different cross section distances selection 

5. CONCLUSIONS 

In this study, a floodplain mapping uncertainty framework for ungauged streams has been 
developed and implemented in complex riverine topography with cobble and gravel bed materials. 
The methodology is based on limited data using only flood extent data. Several sensitivity tests 
have justified the structure of the proposed floodplain mapping uncertainty framework using the 
following configurations: a) Lognormal probability distribution for Manning’s n roughness 
coefficient sampling, b) 1000 realizations, c) MdAPE equal to 20% for the selection of the 
acceptable simulations, d) 1 m spacing of the cross sections. The results obtained from the 
application of the proposed framework compare well with the estimated data of flood extent for a 
historical flood event.  
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