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Abstract

Hydrologic and hydraulic models are tools that may be typically applied, respec-

tively, to simulate streamflow and to determine depths and locations of flooding. While

these tools are crucially important for predicting flood events, they require niche ex-

pertise and a high degree of effort to be developed and deployed effectively.

This thesis aims to streamline the level of effort required to develop and deploy qual-

ity models within the typical workflows that support the simulation of flood events.

First, the selection of optimal model structures within hydrologic models is addressed.

The blended hydrologic model, which allows the selection of mathematical equations

to represent processes in the hydrologic cycle to occur as part of a calibration exercise,

is tested and shown to provide benefit to both model performance as well as scientific

utility. Secondly, the blended model is improved through an extensive empirical exper-

iment which delivers a high performing blended version 2 model. This model achieves

high performance scores across the contiguous USA without a need to adjust the model

structure, which will greatly reduce the time-consuming step in practice of manually

selecting the optimal model structure for a given watershed.

Finally, a novel method for hydraulic modelling and flood mapping is introduced.

Improved geospatial methods are paired with a one-dimensional hydraulic model solver

and then benchmarked against conventional methods. The result is shown to provide

improved accuracy of flood maps while maintaining a computational runtime that is

suitable for large-scale and real-time applications. Overall, it is anticipated that this

research benefits the development of crucial tools for predicting and simulating flooding.

vi



Acknowledgments

I would like to thank my PhD supervisors, James and Bryan, for treating me like a

colleague from the beginning and for enticing me back to academia from the clutches

of consulting. Thank you for permitting and enabling all of my wild ideas over these

past five years, including starting a company.

I want to acknowledge my PhD committee, including Andrew, Julie, John, and

Andrea, for taking the time to review my thesis and providing their invaluable feedback.

A big thanks is owed to the evolving members of the hydrology research team, who

have enhanced the PhD experience and provided comradery over the years.

I owe an enormous thank you to my martial arts families, and especially to Randy

Dauphin, for being my mentor, friend, and so much more for nearly thirty years.

I thank my parents for showing me the value of hard work and always believing in

my success, even after they stopped understanding exactly what I do.

I am forever indebted to my lovely wife Lauren for supporting me in all things

always, and for seeing the vision of what could be before anyone else.

Finally, I thank my kids for keeping me grounded, for being my joy, and for inspiring

me every day to do better than I thought I could.

vii



Dedication

This thesis is dedicated to Dean, Violet, and Calvin. I hope you find your passion and

chase your dreams, like I did.

viii



Table of Contents

List of Tables xi

List of Figures xvii

List of Abbreviations xxvi

1 Introduction 1
1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Thesis objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2 Literature Review 8
2.1 Importance of hydrologic model structure . . . . . . . . . . . . . . . . . 9
2.2 Calibration of hydrological models . . . . . . . . . . . . . . . . . . . . . 15
2.3 Overview of rapid 
oodplain mapping techniques . . . . . . . . . . . . 19

2.3.1 Need for improved 
ood mapping in Canada . . . . . . . . . . . 19
2.3.2 Flood Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

3 Blended Model Structure Calibration 33
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
3.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.2.1 Raven Hydrologic Modelling Framework . . . . . . . . . . . . . 42
3.2.2 Overview of Model Structures and Calibration . . . . . . . . . . 45
3.2.3 Case Study using MOPEX Catchments . . . . . . . . . . . . . . 52

3.3 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
3.3.1 Calibration and Validation Performance . . . . . . . . . . . . . 56
3.3.2 Model Selection Performance . . . . . . . . . . . . . . . . . . . 67
3.3.3 Impact on Model Calibration with Non-Random Seeding . . . . 78
3.3.4 General Discussion . . . . . . . . . . . . . . . . . . . . . . . . . 83

3.4 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

4 Optimizing a general hydrologic model structure 88
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
4.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

4.2.1 Blended hydrologic model . . . . . . . . . . . . . . . . . . . . . 94
4.2.2 Blended model development and performance evaluation . . . . 97
4.2.3 Model over�tting . . . . . . . . . . . . . . . . . . . . . . . . . . 105
4.2.4 Selection of a preferred blended model con�guration . . . . . . . 106
4.2.5 Validation of the selected blended model . . . . . . . . . . . . . 108

4.3 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . 110
4.3.1 Blended model version development and performance evaluation 110
4.3.2 Model over�tting . . . . . . . . . . . . . . . . . . . . . . . . . . 116
4.3.3 Selection of a preferred blended model con�guration . . . . . . . 119
4.3.4 Validation of the selected blended model . . . . . . . . . . . . . 122

ix



4.4 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123

5 Rapid Floodplain Mapping at Larger Scales 126
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 128
5.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133

5.2.1 Geospatially Augmented Standard Step (GASS) overview . . . . 133
5.2.2 Hydraulic modelling with the standard step method . . . . . . . 137
5.2.3 Dynamic Height Above Nearest Drainage (DHAND) . . . . . . 139
5.2.4 Reach-integrated hydraulic properties . . . . . . . . . . . . . . . 141
5.2.5 Post-processing and 
ood map generation . . . . . . . . . . . . 146
5.2.6 Evaluation metrics . . . . . . . . . . . . . . . . . . . . . . . . . 147
5.2.7 Case studies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148

5.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 157
5.3.1 Simple Veri�cation Benchmarks . . . . . . . . . . . . . . . . . . 157
5.3.2 Waldemar . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 159

5.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 163
5.4.1 Inundation forecasting requirements . . . . . . . . . . . . . . . . 163
5.4.2 Relative model development e�ort . . . . . . . . . . . . . . . . . 165
5.4.3 Modelling challenges and limitations . . . . . . . . . . . . . . . 166
5.4.4 Future development . . . . . . . . . . . . . . . . . . . . . . . . . 169

5.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 171

6 Conclusions 173
6.1 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 173

6.1.1 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 176
6.1.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 178

References 180

Appendix 198

x



List of Tables

3.1 MOPEX12 catchment characteristics. Each of the catchments are pro-

vided with an ID (1 to 12), the USGS ID of the gauge station the wa-

tershed is draining towards, the name of that gauging station, and the

state this gauge is located in. All geophysical characteristics required

to setup all models described in Sec. 3.2.2 in the hydrologic modeling

framework Raven are speci�ed. These are the latitude and longitude of

the center of the watershed, drainage area, elevation, slope of the terrain,

the percentage of forest coverFC. The main meteorologic catchments

characteristics such as mean annual sum of precipitationP, mean an-

nual sum of potential evapotranspirationPET, mean annual average

air temperatureT, mean of annual total stream
owQ, the aridity index

AI , and the runo� ratio RR are provided. . . . . . . . . . . . . . . . . 54

xi



7.1 Processes and process options used for the Raven setup. In total 3�

3 � 2 � 2 � 3 � 1 � 1 � 1 � 1 � 1 � 1 � 1 = 108 models are possible.

The �rst option of each processM 1, N1, O1, P1, Q1, R1, S1, T1, U1,

V1, W1, and X 1 resemble the HMETS model. All other combinations

are arti�cial models. All process options, however, are used in di�erent

hydrologic models. The model parameters active in each option are

listed as well. The ranges and a description of the parameters can be

found in Table 7.2. This table is adapted from that ofMai et al. (2020). 199

xii



7.2 The model parametersx i used for the Raven setup. The parameter

ranges used in calibration are provided. The process option shows

where the corresponding parameter is active. The Raven table and

parameter name can be used to locate the parameter in the Raven

setup �les. The TOPSOIL is the upper soil layer while PHREATIC

is the lower soil layer. The three Raven parameters FIELDCAPACITY

TOPSOIL, SNOW SWI MAX, and MAX MELT FACTOR are derived

using a sampled parameter (x10, x14, and x25) and SAT WILT TOP-

SOIL, SNOW SWI MIN, and MIN MELT FACTOR, respectively, to

make sure that one parameter is always larger than the other. The

base
ow coe�cients BASEFLOW COEFF TOPSOIL and PHREATIC

are derived from parametersx4 and x11 to allow for a logarithmic sam-

pling. The weight-generating parameters are parametersx35 to x42 with

a range of [0: : : 1], and are omitted from the table. This table is adapted

from (Mai et al., 2020). . . . . . . . . . . . . . . . . . . . . . . . . . . . 200

7.3 Summary information for the MOPEX catchments as well as the 24 in-

dependent catchments selected from HYSETS for validating the blended

model version 2. PET and AET are model derived estimates as this data

was not available for all stations, precipitation and stream
ow data are

derived from historical data. All hydrological metrics are determined for

the 1970-1989 period in which the models are run in this study. . . . . 205

xiii



7.4 Process options included within each blended model con�guration. Model

con�gurations 25-28 & 31-32 were used for testing weighting schemes and

are omitted. It is noted that this table displays blended options only;

other structural changes are described in Section 2.2 by model con�gu-

ration, and subsequent model con�gurations may not be the same as or

subsets of earlier con�gurations depending on other changes that may

have been implemented beyond what is shown in this table. . . . . . . . 206

7.5 Processes and process options used for the blended model version 2 setup

(model con�guration 36) in Raven. The model parameters active in each

option are listed as well. The ranges and a description of the parameters

can be found in Table 7.6. Note that weight-generating parameters used

to determine process weights within each process group are not listed in

this table. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 207

xiv



7.6 The model parametersx i used for the blended model version 2 setup

(model con�guration 36) in Raven. The parameter numbering is dis-

continuous as not all parameters across model con�gurations are used

in model con�guration 36. The parameter ranges used in calibration

are provided. The process option shows where the corresponding pa-

rameter is active. The Raven table and parameter name can be used

to locate the parameter in the Raven setup �les. The TOPSOIL is the

upper soil layer while PHREATIC is the lower soil layer. The three

Raven parameters FIELDCAPACITY TOPSOIL, SNOW SWI MAX,

and MAX MELT FACTOR are derived using a sampled parameter (x10,

x14, andx25) and SAT WILT TOPSOIL, SNOW SWI MIN, and MIN MELT FACTOR,

respectively, to make sure that one parameter is always larger than the

other. The base
ow coe�cients BASEFLOW COEFF TOPSOIL and

PHREATIC are derived from parametersx4 and x11 to allow for a log-

arithmic sampling. The weight-generating parameters, with a range of

[0: : : 1], are omitted from the table. . . . . . . . . . . . . . . . . . . . . 208

7.7 Values from individual regressions applied to data separately within each

MOPEX catchment correlating validation KGE to the number of param-

eters across multiple independent trials and model con�gurations. All

p-values less than the 10% signi�cance level or shown inbold . Regres-

sion was a basic linear regression of the formY � � 1X + � 0 and the

p-values are associated with null hypothesis of slope� 1 = 0. . . . . . . 211

xv



7.8 Values from individual regressions applied to data separately within each

MOPEX catchment correlating the validation gap (maximum calibration

KGE minus validation KGE of the same model run) to the number of

parameters across multiple independent trials and model con�gurations.

All p-values less than the 10% signi�cance level are shown inbold .

Regression was a basic linear regression of the formY � � 1X + � 0 and

the p-values are associated with null hypothesis of slope� 1 = 0. . . . . 211

7.9 Results of the unpaired, two-sided Wilcoxon rank sum test in the inde-

pendent validation catchments shown. A con�dence level of 95% is used.

The median KGE performance for both the original blended model con-

�guration 0 and the selected blended model con�guration 36 are shown,

as well as the p-values for testing whether model con�g. 0 is di�erent

than the model con�g. 36. . . . . . . . . . . . . . . . . . . . . . . . . . 213

7.10 Mean calibration and validation KGE performances for the original and

v2 blended model versions for each of the 36 catchments utilized in this

study. The di�erences in mean calibration and validation performances

are also calculated. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 214

xvi



List of Figures

2.1 The calculation of HAND values (H i ), based on the di�erence of each cell

elevation (zi ) and the elevation of the nearest channel drainage elevation

(zc). Figure is adapted to include additional annotations fromNobre

et al. (2011). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.1 Map of the twelve MOPEX12 catchments located in the southeastern

part of the United States. The numbering of the catchments is consistent

with Table 3.1. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

xvii



3.2 Model rank calculated from the maximum calibration NSE score for

each catchment and model structure with a calibration budget of 10 000

model runs. The x-axis is the model structure rank, ranging from 1

to 111. The y-axis is the maximum calibration NSE score for each

model structure. Highlighted bars indicate the position of the simple

model average (SMA) (red), weighted model average (WMA) (green),

blended (blue), and HMETS (violet) models. The maximum scores in

the calibration period and validation period are both shown for each

model structure. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

3.3 The average model structure rank across all 240 replicates (12 catch-

ments � 20 trials). The statistic is derived for the calibration (A) and

validation (B) periods with the budget of 10 000 model runs. All 111

model structures are included in these plots while the simple model av-

erage (SMA) (red), weighted model average (WMA) (green), blended

(blue), and HMETS (violet) model structures are highlighted with col-

ored markers. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

xviii



3.4 Model performance in calibration NSE score on the y-axis and density

on the x-axis (1-109), plotted for catchments 1, 8, and 11, and faceted

horizontally by the �ve groups of process algorithms in this study. Den-

sity axis ranges vary by plot but labels have been removed for simplicity.

In each density curve the colour corresponds to a choice of process algo-

rithm within the process group as 1, 2, or 3. Model structures 1 through

108 are �xed model structures. The horizontal grey lines indicate the

NSE performance of the blended model trials. The averaged model is

omitted from this analysis. Results are shown for a calibration budget

of 10 000 model runs. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

3.5 Blended model process weights from 0 to 1 on the y-axis, and numbered

options for each blended hydrologic process on the x-axis, faceted by

the hydrologic process group. Each box and whisker plot displays the

spread of the given process weight within the process group, where hor-

izontal lines represent the 25th , 50th , and 75th percentiles, and outliers

are shown as points. For each catchment, the data blended model result

is �ltered to include only information from independent trials where the

calibration NSE performance was within 0.05 inclusive of the top per-

forming independent trial. Results are shown for a calibration budget of

10 000 model runs, and only catchments 1, 8, and 11 of the MOPEX12

catchments. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

xix



3.6 Calibration and validation NSE scores plotted for catchments 1, 8, and

11, for the blended, blendedHMETS , and HMETS models. Column 1

presents the calibration NSE scores, and column 2 presents the valida-

tion NSE scores. Catchments results are presented by row, with catch-

ment 1 information in row 1, catchment 8 in row 2, and catchment 11 in

row 3. The blended model is shown in red, the blendedHMETS is shown

in green, and the HMETS model is shown in blue. . . . . . . . . . . . . 80

4.1 Map of the 12 MOPEX catchments and 24 additional independent catch-

ments located in the continental United States. Captions indicate the

state abbreviation and catchment index (i.e., 1 to 36). . . . . . . . . . . 109

4.2 Model performance in calibration and validation by model con�guration.

The calibration KGE is the maximum KGE across 20 independent trials,

and validation KGE is the associated KGE in the validation period of

that maximum trial, both averaged across 12 MOPEX catchments. . . 113

4.3 Calibration performance box plots, generated from 20 independent trials

of the calibration for each model con�guration and MOPEX catchment,

shown for select model con�gurations. The orange diamonds indicate

the validation performance of trial with the maximum calibration per-

formance within the 20 independent trials (when it falls within plotting

bounds). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

xx



4.4 Validation KGE on the y-axis (obtained from the maximum calibration

KGE trial) plotted against the number of calibrated model parameters

on the x-axis for 31 model con�gurations and 12 MOPEX catchments.

A regression line for this relationship is shown in blue as a nearly 
at

relationship (slope of 3:2E � 4 with a corresponding p-value of 0.757 for

a null hypothesis of slope� 1 = 0), with a 95% con�dence interval shown

in transparent grey. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

4.5 A) Model con�gurations plotted based on the calibration consistency

on the y-axis against the validation gap on the x-axis, measured as the

maximum KGE calibration performance minus its associated validation

performance, averaged across 12 MOEPX catchments. The black dashed

line shows the Pareto front of non-dominated model con�gurations (from

left to right, 36, 37, 34, 29, and 30). B) The mean of the maximum

calibration KGE performance plotted against the mean validation KGE

performance, averaged across 12 MOPEX catchments. Pareto points are

plotted with larger shapes than other data points. . . . . . . . . . . . . 121

5.1 a) Schematic of the reach-integrated 
ooded area, b) plan view of the

inundated area, and c) schematic of the inundated reach with interpola-

tion of depth from streamnodesj and j +1. The water surface elevation

is held constant along the red line in c), which is the vertical projection

of the drainage path ending in the nearest drainage point. . . . . . . . 137

xxi



5.2 HAND and DHAND layers are applied for �xed depths to compute 
ood

extents adjacent to a river bend. A) HAND layer with shallower depth

of 4.5m shows 
ooding in two hydraulically disconnected areas on the

inside of a berm. B) Same HAND layer from plot A with a greater depth

of 6.5m shows greater 
ooding inside the berm area as it is overtopped,

and also shows a new disconnected and inundated area appears just

southwest of the original area. C) A DHAND layer for the speci�c

depth of 4.5m shows no 
ooding on the other side of the high berm.

D) The DHAND layer for a depth of 6.5m now allows 
ooding on the

other side of the berm as it is overtopped, and does not generate falsely

inundated areas as with the HAND layer in plot B. . . . . . . . . . . . 155

5.3 Location of the case study in the Town of Waldemar. The extents of the

HEC-RAS 2D model are shown in the orange outline. Imagery obtained

from Google 2020 imagery. . . . . . . . . . . . . . . . . . . . . . . . . . 156

5.4 Results of the SB06 benchmark test, summarized with a pro�le plot

for both Blackbird and HEC-RAS generated results on the left and the

residual depth errors shown on the right. Errors are bounded by� 0:2m

and are randomly distributed around a mean of zero. . . . . . . . . . . 158

xxii



5.5 Results for the three model runs evaluated against the HEC-RAS 2D

model under three 
ow scenarios. All raster cells within a de�ned eval-

uation area were evaluated, and cells that were not consistently dry in

all four models (including the 2D model) were used in the calculation of

metrics. Metrics used are the mean absolute error (MAE) and normal-

ized sum of squared errors (NSSE). Plots A and B show uncalibrated

model results, and plots C and D show calibrated model results. . . . . 160

5.6 Calibrated model results compared against 2D model results, showing

the results for (A) the HEC-RAS 2D model depths, (B) the HAND-

Manning model classi�ed di�erences, (C) classi�ed di�erences for the

HEC-RAS 1D model, and (D) classi�ed di�erences for the Blackbird

model output. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 162

7.1 Observed hydrographs in each catchment by period, including the two

year warm up period from January 1970 to December 1971 (grey lines),

the twelve year calibration period from January 1972 to December 1983

(red lines), and the six year validation period from January 1984 to

December 1989 (green lines). The hydrograph is provided for all twelve

MOPEX catchments. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 202

xxiii



7.2 Model performance in calibration NSE score on the y-axis and density

on the x-axis (1-109), plotted for catchments 1, 8, and 11, and faceted

horizontally by the �ve groups of process algorithms in this study. Den-

sity axis ranges vary by plot but labels have been removed for simplicity.

In each density curve the colour corresponds to a choice of process algo-

rithm within the process group as 1, 2, or 3. Model structures 1 through

108 are �xed model structures. The horizontal grey lines indicate the

NSE performance of the blended model trials. The averaged models are

omitted from this analysis. Results are shown for a calibration budget

of 10k model runs, and all twelve MOPEX catchments. . . . . . . . . . 203

7.3 Blended model process weights from 0 to 1 on the y-axis, and numbered

options for each blended hydrologic process on the x-axis, faceted by

the hydrologic process group. Each box and whisker plot displays the

spread of the given process weight within the process group, where hor-

izontal lines represent the 25th , 50th , and 75th percentiles, and outliers

are shown as points. For each catchment, the data blended model result

is �ltered to include only information from independent trials where the

calibration NSE performance was within 0.05 inclusive of the top per-

forming independent trial. Results are shown for a calibration budget

of 10k model runs, and all twelve MOPEX catchments. . . . . . . . . . 204

xxiv



7.4 Calibration performance distributions, generated from 20 independent

trials of the calibration for model con�gurations 0 (original) and 36

(version 2) for 24 independent catchments. . . . . . . . . . . . . . . . . 212

xxv



List of Abbreviations

0D - zero-dimensional (zero-order)

1D - one-dimensional

2D - two-dimensional

3D - three-dimensional

BMSC - Blended Model Structure Calibration

CAMELS - Catchment Attributes and Meteorology for Large-sample Studies

DDS - Dynamically Dimensioned Search

DEM - digital elevation model

DHAND - Dynamic Height Above Nearest Drainage

GASS - Geospatially Augmented Standard Step

GRCA - Grand River Conservation Authority HAND - Height Above Nearest Drainage

HEC-RAS - Hydrologic Engineering Center River Analysis System

HMETS - Hydrological Model of �Ecole de technologie sup�erieure

HRU - Hydrologic Response Unit

HYSETS - Hydrometeorological Sandbox| �Ecole de technologie sup�erieure

MOPEX - Model Parameter Estimation Experiment

KGE - Kling Gupta E�ciency

LAI - leaf area index

MAE - mean absolute error

MCC - Matthew's Correlation Coe�cient

NSE - Nash Sutcli�e E�ciency

NSSE - normalized sum of squared errors

PET - potential evapotranspiration

POTMELT - potential melt

SMA - simple model average

SWOOP2020 - Southwestern Ontario Orthophotography Project 2020

WMA - weighted model average

xxvi



\Discipline �nishes what motivation began."

� Anonymous

xxvii



Chapter 1

Introduction

1.1 Introduction

Floods are the most common and costly natural disasters in Canada with respect to

property damage, and the most common type of 
ooding occurs when the 
ow of water

in a river exceeds the channel capacity and spills over (Bhupsingh et al., 2022;Public

Safety Canada, 2024). It is expected that the impacts of 
ooding will increase into the

future in terms of both vulnerability and hazards. Hydrologic and hydraulic models

are fundamental tools available to water resources managers. Hydrologic models sim-

ulate the hydrologic cycle and are used in predicting stream
ow at speci�ed locations,

while hydraulic models may be used to determine water levels and inundation extents

as a function of stream
ow. Whether used in a predictive or scienti�c capacity, these

models are an abstraction of the complex natural system being simulated, and neces-
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sarily simplify the representation of hydrological and hydraulic processes occurring in

a watershed.

This thesis focuses on advances that will facilitate the ease of deployment of quality

hydrologic and hydraulic models, with the ultimate aim of improving the overall accu-

racy and availability of stream
ow predictions and 
ood simulations. Typically, these

two types of models are loosely coupled where hydrologic models are used to deter-

mine stream
ows at locations within the watershed, and hydraulic models are used to

determine water levels and 
ood extents based on the 
ows provided from hydrologic

models. With respect to hydrologic models, the focus here is on model improvement

via optimization of model structure, which is de�ned herein as a combination of (a) the

number and type of water storage units (`stores') represented in the model and (b) the

collection of process equations used to quantify the hydrologic 
uxes between stores.

In addition to determining the optimal model structure, the values associated with

process equations in the model, referred to as model `parameters', must usually be cal-

ibrated in order to reconcile model output with historical observations. The literature

provides methods for optimally estimating these parameter values through calibration

(Duan et al., 1992;Tolson and Shoemaker, 2007), for determining the sensitivity of

parameters (Razavi and Gupta, 2015), and for assessing the ability to determine these

parameters with identi�ability analysis ( Wagener et al., 2003;Guillaume et al., 2019).

However, despite the knowledge that the structural representation of a model is a key

and substantial component of model uncertainty (Butts et al., 2004;Gupta et al., 2012),
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these studies generally assume a �xed model structure, and there have been very few

attempts to optimize, assess the sensitivity, or estimate the identi�ability of model

structure. A recent study suggests that model structure is frequently selected solely

based on familiarity with a particular modelling software rather than the merits of

the structure for the given application (Addor and Melsen, 2019). This inability to

scrutinize model structure can lead to large and unknown errors in important hydro-

logical modelling applications, such as 
ood forecasting and the safeguarding of life

and property, with limited ability to assess or reduce these errors.

In more recent literature, the �rst explicit calibration of model structure and pa-

rameters simultaneously in hydrologic modelling was made through the use of mixed-

integer optimization by Spieler et al.(2020), referred to as Automatic Model Structure

Identi�cation (AMSI). This breakthrough was in part possible due to the emergence

of 
exible modelling frameworks, which support studies of model structure by allow-

ing a modeller to easily change the model structure without redeveloping the entire

numerical model. Following this was the introduction of the `blended' model structure

(Mai et al., 2020), which generalized the structural control in the AMSI approach to

adjust model structure smoothly through the use of continuous weights for individ-

ual process equations, rather than integer weights. The optimal model structure in a

blended model is determined through a calibration exercise to historical observations,

which traditionally involves only parameters that do not modify model structure, but

in the blended model these are calibrated jointly. The use of the blended modelling
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approach as a tool to identify optimal model structures, and deploy blended models

as an adjustable model structure for more general use in hydrology, is explored and

advanced within this thesis. Following the model calibration and other analyses to

inform the model reliability, the modeller would seek to use the model for its intended

purpose, which is frequently the simulation or forecasting of stream
ow at one or more

locations. In an application where river depths or 
ood extents are desired, stream
ow

values are passed as either peak values or complete time-series as inputs to hydraulic

models.

With respect to hydraulic models for 
oodplain mapping, existing process-based

methods can be classi�ed into three categories based on their complexity: two-dimensional

(2D) hydraulic models, one-dimensional (1D) hydraulic models, and zero-order geospa-

tial approaches. The most complex is the 2D hydraulic modelling approach, which solve

the Saint Venant equations in horizontal directions and integrate depth vertically. 1D

models are the most commonly applied type of hydraulic model, and consist of a se-

ries of cross-sections to represent the landscape at speci�c points. The depth at each

cross-section location is determined by the hydraulic model, and then spatially ex-

trapolated to develop a 2D inundation map. Zero-order models do not simulate mass

or momentum conservation, but rather rely on geospatial analysis of the terrain and

linking this geospatial analysis with simple equations such as Manning's equation to

rapidly produce 
ood maps. An increasingly popular example of this is the Height

Above Nearest Drainage (HAND) model (Nobre et al., 2011). Each of these methods
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have their limitations when it comes to applications in 
ood mapping, which can be

summarized as follows:

ˆ 2D models are considered the most accurate when applied correctly but have

prohibitive computational runtimes, particularly for larger-scale or real-time ap-

plications

ˆ 1D models are considered relatively accurate and have low computational run-

times, but can fail under some challenging hydraulic conditions when assumptions

are violated, including more complex terrains and in the interpolation of results

to generate 
ood maps

ˆ zero-order geospatial methods are generally easy to develop and fast computa-

tionally, but have limited accuracy or ability to represent more complex hydraulic

conditions.

The novel approach developed in this thesis is to combine the best aspects of existing

1D hydraulic models and geospatial methods into a single approach, which maintains

a fast computational runtime and accuracy, while also reducing the development e�ort

required to con�gure models relative to existing modelling approaches. This method

is called the Geospatially Augmented Standard Step (GASS) method, which is imple-

mented in a software package named Blackbird and benchmarked in this thesis.
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1.2 Thesis objectives

The overall goal of this research is to provide improved tools to both a) develop and

calibrate hydrologic models e�ectively `out-of-the-box' by addressing model structure,

and b) e�ciently develop hydraulic models to support 
oodplain mapping, particu-

larly at large scales and real-time forecasting applications. By addressing both the

estimation of stream
ow through hydrologic models and the mapping of 
ood extents

through hydraulic models, the complete work
ow typically required to simulate 
oods

through numerical models is improved upon by this thesis. Although water resources

management has bene�ted from advancements in computing and model-building tools,

modellers still spend much of their time in activities required to develop high qual-

ity hydrologic and hydraulic models rather than using them in forecasting or other

management applications. This thesis aims, in part, to reduce the e�ort required by

modellers to construct high quality hydrologic and hydraulic models.

The objectives of this thesis are:

1. To test the use of the blended hydrologic model in the context of model calibra-

tion, and demonstrate its potential to improve both overall model performance

and the identi�ability of model structure (Chapter 3);

2. To develop, apply, and assess an updated blended model con�guration with im-

proved performance when applied across catchments within the contiguous USA

(Chapter 4); and
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3. To develop and assess a new method for e�cient physically-based 
oodplain

mapping that may be useful in large-scale and real-time applications (Chapter 5).

The following chapter (Chapter 2 ) provides a literature review on available meth-

ods for model structure calibration and 
oodplain mapping. The thesis objectives are

addressed with Chapters 3, 4, and 5, respectively. These thesis chapters are linked to

published or preprint manuscripts. The thesis conclusions are provided in Chapter 6.1,

along with a discussion of limitations and directions for future work.
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Chapter 2

Literature Review

This chapter describes the current state of practice in both hydrologic and hydraulic

models, and provides the reader with the necessary context with which to understand

the remaining thesis chapters. Section 2.1 discusses hydrologic models, including the

types of hydrologic model structures used in previous studies and the importance of

examining model structure. This section also discusses recent advances in calibrating

model structure, which ties directly into the starting point for Chapter 3. Section 2.2

examines automatic calibration methods commonly deployed in hydrologic modelling

studies, which is helpful in understanding Chapters 3 and 4 of this thesis. Finally, Sec-

tion 2.3 discusses background on hydraulic modelling and the current state of hydraulic

modelling approaches to 
ood mapping.
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2.1 Importance of hydrologic model structure

Hydrologic models are used for various applications, including stream
ow prediction,


ood forecasting, or reservoir level forecasting, or in a scienti�c capacity to advance

our understanding of hydrologic systems. Whether used in a predictive or scienti�c

capacity, models are an abstraction of the complex natural system being simulated,

and necessarily simplify the treatment of hydrological processes occurring in a water-

shed, either to facilitate computational expediency or in recognition of the large degree

of uncertainty regarding how the watershed functions. In most practical cases, model

calibration is required in order to reconcile model output with historical observation;

conventionally, this calibration process focuses on tuning only model parameters. How-

ever, hydrologic models are typically considered to have three main components that

contribute to model uncertainty (Butts et al., 2004;Beven, 2005;Gupta et al., 2012):

(1) input data uncertainty, (2) model parameter uncertainty, and (3) model structure

uncertainty, which includes the process equations used to simulate the hydrologic cycle.

This section focuses on the importance of hydrologic model structure, including

methods for determining a preferred model structure and an overview of model struc-

tures types that have been used in the literature to date. Here, model structure is

referred to as a combination of a) the number and type of stores (e.g., snow or soil)

represented in the model and b) the collection of process equations used to describe

the relationships between 
uxes and storage in each hydrological response unit (HRU).
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The experiments in this thesis focus on the selection of process equations to describe


uxes, thus examining a subset of the possible extent of model structure that may

be addressed by also exploring the e�ect of the number of stores. The term `model

structure' can also refer to other modelling decisions such as spatial discretization,

but the focus in this review is on the representation of hydrologic processes and the

corresponding selection of process equations for each process.

A �xed model structure is one in which the selection of represented processes and

the corresponding process equations are pre-determined, and often hardcoded into the

modelling software such that it cannot be adjusted by the modeller. Historically, most

hydrologic models have been designed with a �xed model structure while the input data

and model parameters may vary from watershed to watershed. Fixed model structures

are noted to likely provide su�cient predictive performance in some catchments, but

may not be adequate in all catchments or other applications (Hoey et al., 2014). The

�xed model structure concept is consistent with a \one model �ts all" paradigm (Fenicia

et al., 2011), and is exempli�ed in manually optimized model structures such as in the

GR4J model (Perrin et al., 2003). This paradigm has been repeatedly called into

question (Clark et al., 2011;Fenicia et al., 2011;Addor and Melsen, 2019).

In the last couple of decades, hydrologic modelling studies have identi�ed the need

for models which allow the users to change the model structure, suited to speci�c needs

(Leavesley et al., 2002; Clark et al., 2011; Fenicia et al., 2011). These can include

the need for modifying model structure as the understanding of a system changes,
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additional data justi�es a more complex model (Butts et al., 2004), or to build models

for speci�c purpose-driven applications (Andr�eassian et al., 2009;Coron et al., 2012).

The emergence of numerous 
exible hydrological modelling frameworks has followed

these calls in the literature (Leavesley et al., 1996;Wagener et al., 2002;Orellana et al.,

2008;Fenicia et al., 2008;Clark et al., 2008;Pomeroy et al., 2007;Fenicia et al., 2011;

Kavetski and Fenicia, 2011;Clark et al., 2015a;Kneis, 2015;Knoben et al., 2019;Craig

et al., 2020). These are also called Modular Modelling Frameworks (MMFs) in some

studies (e.g.,Remmers et al., 2020). Flexible modelling frameworks have facilitated

the study of model structures in hydrology, and allowed for the evaluation of multiple

model structures. For example, 79 model structures were deployed and compared using

the FUSE framework in Clark et al. (2008). Clark et al. (2015b) used the SUMMA

framework in order to evaluate process parameterizations for three sites in the western

United States. Seven distinct model structures were evaluated using the SUPERFLEX

framework for four di�erent catchments in Kavetski and Fenicia (2011) in order to

assess the limitations of using any given �xed model structure. The SUPERFLEX

framework was also used inFenicia et al. (2016) to tailor model structures for individ-

ual HRUs across multiple catchments. More recent studies in hydrology continue to

deploy 
exible frameworks and cite their importance in facilitating research related to

model structures (Pilz et al., 2020;Remmers et al., 2020;Chadalawada et al., 2020).

Such frameworks with multiple process options are becoming standard in land-surface

modelling (Cuntz et al., 2016).
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Although now numerous 
exible hydrologic models are available, the determination

of a preferred or optimal model structure (i.e. model structure `selection') is an active

area of research. As stated in the conclusions of theKnoben et al. (2020) study, \it

remains di�cult to explain the type of catchments where a model might do well with

attributes that quantify the catchments' ... attributes". In all reviewed studies to date

that attempt to select a preferred model structure from an ensemble of �xed model

structures, such e�orts have not been successful (e.g.,Clark et al., 2008;Chadalawada

et al., 2020;Remmers et al., 2020). In practice, the selection of a model structure is

often done prior to the calibration of the model, and this decision is not revisited due

to the di�culty of rebuilding model components once a structure has been selected.

In a study examining more than 1 500 academic papers, (Addor and Melsen, 2019)

found that the legacy of preferred model usage dominated model structure selection

rather than the adequacy of a given model structure, a conclusion supported by the

�nding that the model structure used in approximately 74% of studies examined could

be predicted solely by the a�liation of the lead author.

In more recent literature, the �rst explicit calibration of model structure and pa-

rameters simultaneously in hydrologic modelling was made through the use of mixed-

integer optimization by Spieler et al.(2020), referred to as Automatic Model Structure

Identi�cation (AMSI). In this study, the process equations to be used by the hydro-

logic model (from a �nite set of options) were parameterized with integer parameters,

allowing the model structure to be adjusted during calibration alongside parameter
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values in a mixed-integer calibration exercise. The AMSI method was also shown to

be e�ective in identifying high-accuracy models among a pool of candidates inSpieler

and Sch•utze(2024).

One issue with this approach, however, is that the information mapping between

the selected process equation and its corresponding model parameters is not utilized,

leading to the optimization of all model parameters, whether or not they were active

in the selected model structure. This limits the e�ciency of the model calibration and

might cause some optimization algorithms to converge slowly or fail (Spieler et al.,

2020).

One way to avoid the combinatorial optimization issue is to de�ne model structure

as a continuous, rather than a discrete, selection. This is the concept introduced with

a blended model structure (Mai et al., 2020), in which the total 
ux of a process is

determined from a continuous weighted average of two or more individual process equa-

tions, rather than from a single equation. This method can be applied to represent

any process in the hydrologic model (e.g., in�ltration, base
ow, evapotranspiration,

etc.) using blended structure. This weighted averaging allows the exploration of con-

tinuous model structure space `between' di�erent discrete model structures, which is

not possible with the integer approach ofSpieler et al.(2020) (nor with any previously

applied methods).Mai et al. (2020) used the blended model structure within a modi-

�ed Sobol' sensitivity analysis to assess the global sensitivity of model parameters and

model structure simultaneously, which is the �rst instance of this being done in the
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literature. The study was also able to determine the relative sensitivity of individual

process options as well as process groups without the need for the traditional approach

of running individual model structures separately and aggregating the sensitivity es-

timates (Mai et al., 2020). The blended model structure is referred to extensively in

this thesis, and is discussed further in Chapters 3 and 4.

Although not the focus in the subsequent chapters of this thesis, an increasingly

popular method of simulating stream
ow with high performance is through data-driven

methods. Nearing et al. (2021) argues that deep-learning models are able to capture

complex relationships at the catchment scale, and provide superior daily stream
ow

predictions in ungauged basins than process-based hydrologic models in gauged basins.

This may suggest that more complex relationships between hydrologic variables and

responses may exist, but are currently lacking in process-based models. In process-

based modelling, it is often believed that overparamaterization of a model leads to

poor validation performance. However, deep-learning models tend to have orders of

magnitude more parameters and appear to overcome this assumption (e.g., seeMai

et al., 2022a). Current e�orts in data-driven models include addressing the lack of

physical representation, such as implementing mass-balance constraints within their

models (Frame et al., 2023). Many examples of data-driven models that have been

applied successfully now exist in the literature (e.g.,Nearing et al., 2021;Nevo et al.,

2022;Frame et al., 2022;Lees et al., 2022;Klotz et al., 2022;Arsenault et al., 2023),

with many showing that methods such as Long Short-Term Memory (LSTM) models
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may outperform process-based models in benchmarking studies (e.g.,Mai et al., 2022a).

The blended model is distinct from data-driven methods in that it remains process-

based, physically interpretable, and inherently respects common assumptions such as

the conservation of mass and energy. The blended model may also be calibrated suc-

cessfully in a single basin, unlike deep-learning models. However, there are some par-

allels to data-driven and deep-learning methods. For example, the blended model

combines the selection of process equations with the calibration of other parameters,

which may be viewed as conceptually similar to the simultaneous calibration of param-

eters and hyperparameters in data-driven methods. The blended model also increases

the number of parameters relative to traditional models, but is shown to achieve high

performance without over�tting the model. The blended model may be viewed by some

as a process-based method for improving performance in hydrologic models without

invoking deep-learning approaches.

2.2 Calibration of hydrological models

To inform the thesis objectives which deploy model calibration experiments, this sec-

tion provides a review of commonly used global calibration algorithms in the �eld of

hydrologic modelling. The focus here is on global rather than local optimization algo-

rithms, since the introduction of weight-generating parameters in the blended model

and the interaction of model structure and parameters will require a global search

algorithm to be successful in this high dimensional parameter space.
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Calibration algorithms, which can be described as a non-linear minimization of the

di�erence between observation and simulation, can generally be categorized as gradient-

based, heuristic, or metaheuristic. Gradient-based (or derivative-based) search meth-

ods use the gradient or some partial �rst-order derivatives of model output with re-

spect to the model parameters, which can be estimated numerically. The application of

gradient-based methods to hydrological models have generally found to be nonrobust,

since these methods are designed to seek local optima, and the response surfaces of

hydrologic models tend to be non-linear and discontinuous (Qin et al., 2018a;Mugun-

than et al., 2005). Cases also arise in some models where optimization with discrete or

integer variables is required (e.g.,van Meerveld and McDonnell, 2006;Spieler et al.,

2020), which further exacerbates the discontinuity of the response surface. A method

that deploys a gradient-based scheme based on the the Gauss-Newton algorithm with

additional heuristic components is the robust Gaussian-Newton algorithm (RGN) (Qin

et al., 2018a). The RGN has been found to improve the e�ciency of the Gauss-Newton

algorithm, particularly against problems with di�cult objective functions ( Qin et al.,

2018a), and provides similar or improved reliability relative to some commonly-used

heuristic functions (Qin et al., 2018b).

In contrast, heuristic and meta-heuristic algorithms typically do not use derivatives

in their search, and provide approximate solutions to an optimization problem. The

de�nitions of heuristic and meta-heuristic algorithms are not widely agreed upon in

the literature, including in hydrology, where they are sometimes used interchangeably
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(e.g., Haddad et al., 2013). A heuristic algorithm is broadly de�ned here as one that

uses a search strategy to �nd increasingly optimal solutions in the search space. The

term `meta-heuristic' was introduced inGlover (1986), and has had slightly varying

de�nitions throughout the literature ( St•utzle, 1998; Gavrilas, 2010; Blum and Roli,

2003;Maier et al., 2019). A meta-heuristic algorithm is de�ned here as an approximate

search algorithm that employs multiple heuristic techniques and uses the information

obtained in calibration to update its search strategy, where as a heuristic algorithm does

not update its search strategy based on information obtained during the calibration.

Heuristic (and meta-heuristic) algorithms have generally been found to be more robust

in the global optimization of hydrologic models than gradient-based algorithms (Qin

et al., 2018a).

In considering common global optimization algorithms applied in hydrologic mod-

elling that have shown to perform well in a large number of studies, the two algorithms

that should be discussed are the Shu�ed Complex Evolution (SCE-UA) (Duan et al.,

1992), and the Dynamically Dimensioned Search (DDS) (Tolson and Shoemaker, 2007)

algorithms. The SCE-UA method involves the exchange of information between multi-

ple simplexes or `complexes' (parameter sets) that are independent (Duan et al., 1992,

1993). SCE-UA has been \proven, via many studies, to be highly reliable in locat-

ing the optimum (where one exists) on the response surfaces of typical hydrological

models" (Wagener and Gupta, 2005). However, in the benchmark study of (Arsenault

et al., 2014), the SCE-UA algorithm was noted to converge quickly but also become
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trapped in local optima when the parameter space is large (Arsenault et al., 2014). In

Tolson and Shoemaker(2007) and inArsenault et al. (2014) the performance of DDS

compared favourably to that of the the SCE-UA algorithm, overcoming some of the

issues with local optima.

The DDS algorithm is a simple, stochastic, single-objective optimization algorithm,

that searches parameter space based on random perturbations from the current best

solution. The algorithm uses a random selection of parameters as a subset to perturb

within each iteration, as well as a random perturbation value. DDS is a `greedy' algo-

rithm since the current best solution is always used to generate the next perturbation.

In addition, unlike some algorithms with a convergence stopping criteria (e.g. SCE-

UA and many gradient-based methods), the DDS algorithm requires a �xed calibration

budget, which is used to inform the parameter sampling in each iteration by reducing

the likelihood of sampling as the calibration progresses. The DDS algorithm has been

applied in many hydrologic and water resources applications (e.g.,Sha�i and Tolson,

2015a;Seiller et al., 2017;Zink et al., 2018;Becker et al., 2019;Yen et al., 2015;Spieler

et al., 2020), particularly in the study of computationally expensive models (Qin et al.,

2018b). Variations on the DDS algorithm also exist, such as the Discrete DDS (Tolson

et al., 2008) and the Hybrid Discrete DDS (HD-DDS) algorithm (Tolson et al., 2009)

designed to solve discrete, single-objective, constrained water distribution problems. A

so-called modi�ed DDS (MDDS) was presented byHuang et al.(2014), which modi�es

the parameter selection within DDS based on additional supplied sensitivity analy-
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sis ranking information for each parameter. The recently introduced Chaotic DDS

algorithm (CDDS) (Wu et al., 2020) employs chaos theory into several components

of the DDS algorithm in order to reduce the likelihood of obtaining locally optimal

solutions. The Pareto Archived DDS algorithm (PA-DDS) (Asadzadeh and Tolson,

2013, 2009;Asadzadeh Esfahani, 2012) provides a multi-objective implementation of

the DDS algorithm, which generates a Pareto front of non-dominated solutions.

The DDS algorithm is the one used in the remainder of this thesis, and was also

used bySpieler et al.(2020).

2.3 Overview of rapid 
oodplain mapping techniques

2.3.1 Need for improved 
ood mapping in Canada

The need for improved 
ood mapping in Canada is particularly clear. Canada is the

second largest country in the world by land area, with one of the lowest population

densities in the world. This leads to large swaths of the country that are not mapped

for 
ood risk at all. However, much of the population is located within 
ood-exposed

areas, including nearly 80% of Canadian cities (Golnaraghi et al., 2020), which drives

to the total residential 
ood risk estimate of $2.9 billion CAD per year (Bhupsingh

et al., 2022). The mapping approach in Canada is delegated to provinces, which is

further delegated to lower tier organizations in some provinces. This leads to a de-

centralized and fragmented approach to updating 
ood maps rather than a large-scale
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national e�ort, as is more common in countries such as the USA and parts of Europe

(Thistlethwaite et al., 2017). Of the maps that do exist in Canada,Henstra et al.(2019)

found that most 
ood maps in municipalities (62%) are considered low quality, with a

median age of 18 years.

The reasons for the quality and coverage of maps are numerous and complex, though

a large factor is the technical process of developing the models and updating the stud-

ies that produce these 
ood maps. The hydraulic models used in these applications

require an engineering study with substantial e�ort involved in both collecting data

and developing the hydraulic models that are used to delineate 
ood maps. As such,

once an area is mapped it is typically not revisited until local budgets permit or a

speci�c need arises, leading to the long median age of 
ood maps in Canada. Recent

e�orts by the Government of Canada through programs, such as the Flood Hazard

Identi�cation and Mapping Program (FHIMP) ( Government of Canada, 2023), are

currently providing additional resources and funding to support activities pertaining

to 
ood mapping, though the barriers due to current technical limitations persist.

Overall, the need for improved coverage of 
ood maps, improved quality of 
ood

maps, more frequent updates to 
ood maps, and perhaps some sharing of information

nationally is clear. Public safety would also be enhanced by real-time inundation

prediction, which is exceedingly rare in practice today.
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2.3.2 Flood Models

The focus in this section and throughout the thesis is on 
uvial 
ooding, which occurs

when a river or channel's capacity is exceeded and water spills over, inundating the

adjacent areas. However, rainfall-driven (pluvial), coastal, and 
oods related to water

network failures that may occur as a result of other 
ood mechanisms (e.g. sewer

backups) are all important mechanisms for 
ooding to consider in a broader sense.

Here, we provide background on the two main categories of approaches to 
ood

modelling that are widely used and are the focus of this thesis, which are hydraulic

models (Section 2.3.2 ) and simpli�ed approaches to 
ood mapping (Section 2.3.2 ).

Other approaches that exist, such as data-driven methods and those based on satellite

imagery, are also presented brie
y (Section 2.3.2 ).

Hydraulic models

Hydraulic models are mathematical models that simulate 
uid motion, and typically

require numerical solutions that are solved computationally (Teng et al., 2017). The

level of complexity of hydraulic models depends on the dimensionality of the di�erential

equations. For example, the 2D hydraulic models rely on the shallow water equations,

which are obtained by depth-integrating the Navier-Stokes equations and resolving

the partial di�erential equations based on horizontal directions (x and y) as well as

time (t) (Kreitmair , 2020). The term shallow water refers to the depth-integration
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and assumption that horizontal velocity is averaged within the water column. 3D

models that do not rely on this assumption also exist, but require a much higher

degree of computational cost and model development e�ort. While 3D models may

be justi�ed in smaller scale applications such as 
uvial geomorphology (Lane et al.,

1999) or computational 
uid dynamics modelling applications (Monaghan, 1994), the

generally accepted wisdom is that the 2D depth-integrated models are adequate for

most 
ood modelling applications.

The depth-integrated shallow water equations for 2D models are provided inTeng

et al. (2017) as:
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+
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+

@(dv)
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= 0 (2.1)
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whered is the water depth,u and v are the horizontal velocities in thex and y directions

respectively,Q is the discharge, andg is the gravitational constant. Equation 2.1 is the

conservation of mass, and equations 2.2 and 2.3 are the conservation of momentum.

In one-dimension, the equations can be further simpli�ed by assuming that 
ow is

in a single direction parallel to the channel, which includes the 
oodplain area. The

information at each node is traditionally represented as a cross-section or transect
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across the landscape which runs perpendicular to the direction of 
ow. In this case,

the 
ow is simply in the x direction, which yields the one-dimensional Saint Venant

equations, presented as follows (Teng et al., 2017):

@Q
@x

+
@A
@t

= 0 (2.4)
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+
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@(Q2=A)
@x

+ g
@d
@x

� g(S0 � Sf ) = 0 (2.5)

whereSf is the friction slope,S0 is the channel bed slope, andA is the cross-sectional


ow area. Equation 2.4 is the conservation of mass and equation 2.5 is the conservation

of momentum.

In steady-state 
ow, the 1D Saint Venant equations are simpli�ed by removing

time dependence, in e�ect assuming that the given 
ow is time-invariant and applied

for an `in�nite' time within the model until steady-state conditions are achieved. The

numerical solution for this steady-state condition is typically solved using a standard

step approach, which iteratively solves depths at each location in the model along the

channel. This method has been implemented in programs such as HEC-RAS for many

years (Hydrologic Engineering Center, 2023).

For a given streamnodej , the total energy of an open channel is de�ned byCruise

et al. (2007) as:

zj + dj +
� 2�v2

j

2g
(2.6)
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wherez is the channel invert,d is the channel depth,v is the velocity, � is the velocity

coe�cient, g is gravitational acceleration, and the term
�
� 2�v2

j =2g
�

is called the velocity

head. The speci�c energy of an open channel omits the elevation termz. A fundamental

property of 
uid hydraulics is that the same speci�c energy can be achieved by one

of two alternate depths due to the summation of the depth and velocity head terms.

The threshold depth which has no alternate depth is called the critical depth (dc),

and represents the minimum energy required to transport water for a given 
ow and

streamnode (Cruise et al., 2007). A channel with depth greater than the critical depth

is considered to be under a subcritical 
ow regime, and depth less than the critical depth

under the supercritical 
ow regime. During 
ood events, channel 
ow is typically under

a subcritical 
ow regime.

The standard step method relies on solving Bernoulli's equation without the pres-

sure head term for each pair of streamnodes:

zj + dj +
� 2�v2

j

2g
= zj � 1 + dj � 1 +

� 1�v2
j � 1

2g
+ he (2.7)

wherehe is the head loss between two streamnodes. The subscripts refer to the rela-

tive location of the streamnode, wherej is the upstream streamnode andj � 1 is the

downstream streamnode. It is common to assume a subcritical regime, apply a normal

depth boundary condition at the downstream-most node (j = 1), and then proceed up-

stream to solve each streamnode in turn. This procedure allows the model to represent

the impact of downstream streamnodes on upstream ones, such as a constriction at a
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downstream streamnode which propagates upstream and results in higher depths at

upstream streamnodes. This type of upstream propagation of higher depths is referred

to as a backwater e�ect.

The head loss between two streamnodeshe is expressed as:

he = Le
�Sf + C

 
� 2v2

2

2g
�

� 1v2
1

2g

!

where Le is the e�ective stream length, andC is the expansion or contraction loss

coe�cient, depending on whether the 
ow area is larger or smaller than that of the

downstream streamnode (A2). The friction slope is computed at each streamnode using

the relationship:

Q = KS 1=2
f

whereK is the total conveyance of the streamnode. The average friction slope�Sf may

be computed in a number of ways, including a simple average between the downstream

and upstream friction slopes. Additional details on the standard step method may be

found in Hydrologic Engineering Center(2023).

Hydraulic models are the most widely used tools for 
ood modelling (Teng et al.,

2017). 2D models have become more popular in recent years both in academia and

practice, partially driven by the growing availability and reduced barriers to 2D mod-

elling software, such as the proprietary but freely available HEC-RAS software (Hydro-

logic Engineering Center, 2023). The most important recent updates in the literature

on hydraulic modelling for river 
ooding has focused on improving the computational
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e�ciency of 2D models rather than improving solution quality (Jafarzadegan et al.,

2023). Examples include solving reduced forms of the Shallow Water Equations, code

optimization and high performance computing techniques such as parallelization and

GPU acceleration. Downscaling coarse 2D results to a �ner resolution has also been

tried (Schumann et al., 2014). Another approach targets developing 1D-2D coupled

models, in which the main channel is modelled using 1D cross-sections and the 
ood-

plain with 2D grid cells (Neal et al., 2012;Bates and De Roo, 2000). The key reason

for this is that the channel requires higher resolution to represent bed geometry, while

the highest velocities also generally occur in channel, leading to a grid cell resolution

and timestep that is limited by the channel sections. Decoupling these so that the

channel is 1D allows the 
oodplain to adopt a coarser mesh size and larger timestep

while avoiding instabilities in the numerical solution, and may be the most e�cient

representation of 
uvial 
oods (Apel et al., 2009; Jafarzadegan et al., 2023). Both

fully 2D and hybrid 1D-2D approaches have been applied successfully (Bates, 2022).

However, 1D-2D coupling requires addressing the challenges of both 1D and 2D within

the same domain and then linking 
ows between the domains, which presents its own

challenge and substantial level of model development e�ort.

Prior to advances in computing power and availability of 2D software, modellers

were resigned to the simpler 1D approaches, which represent the domain using cross-

sections (Bates, 2022). The 1D method (either as unsteady or steady 
ow) is still the

most common method behind regulatory 
ood mapping. This approach is now widely
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established but not deployed in many research applications. Three limitations of the

1D approach noted byBates (2022) include 1) the wetting of any low-lying area within

the cross-section, whether or not it is connected to the main channel, 2) the neglect of

information between cross-sections, including where preferential 
ow paths may exist

but cannot be captured in the cross-section approach, and 3) the model boundaries are

de�ned a priori by the modeller, which means that the 
ow extents and behaviours

are heavily in
uenced by the modeller's preconceived notions rather than allowing for

emergent behaviour. The �rst of these issues, wetting any low-lying areas regardless

of a connection to the main channel, is a property of most simpli�ed methods as well

Enriquez et al.(2023), which are discussed in the following section.

Simpli�ed approaches

Another group of modelling approaches has emerged over the last decade, which are

referred to herein as simpli�ed methods. The high computational cost of hydraulic

models, as well as the limitations of 1D models, lead those in �elds such as forecasting

(where short model run times are required) to seek alternative methods. This has

led to the development of these simpli�ed methods (Jafarzadegan et al., 2023). These

methods do not solve the hydraulic routing equations described in the previous section,

and instead make use of geospatial algorithms and simple relationships to determine

inundation. Since these do not solve the di�erential equations of hydraulic models

these are sometimes referred to as zero-order (0D) models, though it is argued byTeng
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et al. (2017) that this term is too focused on a hydraulics perspective.

Among these methods,Bates (2022) divides them into those which conserve mass,

and those which conserve neither mass nor momentum. The �rst category is often

referred to as mass-spreading models, as these models distribute water on the landscape

while accounting for the total volume. These methods generally preserve landscape

connections due to a cell-by-cell approach in spreading water through techniques such

as cellular automata (e.g.,Guidolin et al., 2016;Wijaya et al., 2023). One of the earliest

mass-spreading methods was the Rapid Flood Spreading Model (RFSM) (Lhomme

et al., 2009a), which was originally designed for 
uvial 
ood overtopping and spreading,

though is also the basis for a number of pluvial 
ood modelling approaches (e.g.,Jamali

et al., 2018). While these methods are substantially faster than 2D hydraulic models

(100-1000 times faster than 2D models in a benchmark test byN�eelz and Pender

(2010)), the cell by cell computations may still lead to a sizeable computational time.

The non-mass conserving methods include many that rely on use of a digital eleva-

tion model (DEM) layer, such as the planar or bathtub method which intersects a series

of planes over a DEM (e.g., the TVD method ofTeng et al.(2015), updated to include

mass conservation inTeng et al. (2019)). Methods such as AutoRoute (Follum, 2013)

use a series of cross-sections to attempt to improve mapping of 
ood results. One of the

most popular non-conserving methods is the Height Above Nearest Drainage (HAND)

model (Renn�o et al., 2008;Nobre et al., 2011). This method computes a HAND raster

from a DEM by linking each cell to its nearest drainage point in a channel, and com-

28



Figure 2.1 The calculation of HAND values (H i ), based on the di�erence of each cell
elevation (zi ) and the elevation of the nearest channel drainage elevation (zc). Figure is

adapted to include additional annotations from Nobre et al. (2011).

puting the HAND value of the ith cell (H i ) as the di�erences in elevation between a

cell and its channel drainage location (H i = zi � zc, wherezi is the cell elevation and

zc is the channel elevation). This HAND raster can then be used to quickly compute


ood extents for a given depth (d) by considering all cells with a HAND value less than

the depth as inundated. This is shown inFigure 2.1 , which is annotated fromNobre

et al. (2011).

The HAND approach has been used for rapid 
ood inundation in many studies

(e.g., McGrath et al., 2018;Chaudhuri et al., 2021;Aristizabal et al., 2023), as well as

in related applications such as estimating 
ood depths from satellite imagery (Bryant

et al., 2022). The method requires an estimation of the depth in each reach, which
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is often obtained by applying Manning's equation to develop a synthetic rating curve

which estimates depth from 
ow (e.g.,Afshari et al., 2018;Scriven et al., 2021;Diehl

et al., 2021), and relies on some form of spatial averaging of hydraulic properties to

estimate wetted perimeter and area in Manning's equation (Zheng et al., 2018a,b).

This type of approach, referred to here as the HAND-Manning method, has been

shown to work reasonably well at emulating results of more sophisticated models in

relatively simple cases, but struggles with more complex conditions where backwater

e�ects in
uence results (Aristizabal et al., 2023), since each domain or reach area the

method is applied to is computed independently. The HAND method also requires a

hydrologically corrected DEM, leading to the wetting of disconnected low lying areas

(Enriquez et al., 2023).

Other approaches

Beyond simpli�ed geospatial methods and hydraulic models, a number of other ap-

proaches may be found in the literature, though they are not as commonly used in

practice. These include a number of data-driven methods, such as the use of arti�cial

intelligence (AI) to directly simulate 
ood inundation ( Shaeri Karimi et al., 2019), or

using machine learning tools to emulate the results of complex hydraulic models with a

substantially reduced computational cost at runtime, which is more often the case (e.g.,

Berm�udez et al., 2019;Kabir et al., 2020;Chu et al., 2020;Hou et al., 2021;Chang et al.,

2022;Zhou et al., 2022;Mangukiya et al., 2024). Bentivoglio et al. (2022) provides a
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review of deep-learning methods for 
ood mapping. In a similar approach to emula-

tion, Fraehr et al. (2023) developed a physics-guided surrogate model for a hydraulic

model based on spatial analysis and Gaussian Process Learning. The physics-guided

surrogate model was later benchmarked with other machine learning-based surrogate

models in Fraehr et al. (2024), and found that the physics-guided surrogate models

were superior. While this study found that low-�delity physics-based models will per-

form better at capturing events outside of the training sets, a notion supported by the

review ofRazavi et al.(2012), it also notes that surrogate models overall have limited

capability to extrapolate beyond the initial training set conditions. Machine learning

techniques can also be used in data mining of online sources to determine and map

active 
ood locations (e.g.,Lin et al., 2023;Li et al., 2018;Fohringer et al., 2015).

Satellite imagery can also be used to derive near real-time or rapid 
ood maps

(e.g., Tripathy and Malladi, 2022;Cian et al., 2018). These approaches are based on

comparing satellite imagery during 
ood events to dry events, and delineating 
ooded

areas based on the di�erences in imagery. Past and ongoing missions such as the

Landsat, Sentinel-2, and Sentinel-1 satellites have been used in tandem towards global

soil moisture and 
ood data collection (Munasinghe et al., 2023;Brocca et al., 2023).

These missions have the potential to provide useful data for the calibration of inun-

dation models, which has historically been a challenge in part due to the di�culty of

obtaining reliable data sources for doing so. More recent missions, such as the Surface

Water and Ocean Topography (SWOT) mission, also has the potential to enhance 
ood
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models, and incorporating SWOT data into 
ood predictions is at present an active

area of research (Pietroniro et al., 2019;Jet Propulsion Laboratory, 2024).
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Chapter 3

Blended Model Structure

Calibration

Statement of Contribution

The following chapter is written based on the following article (Chlumsky et al., 2021):

Chlumsky, R. , Mai, J., Craig, J. R., and Tolson, B. A. (2021): Simultaneous

calibration of hydrologic model structure and parameters using a blended model. Water

Resources Research, 57, e2020WR029229.

doi: https://agupubs.onlinelibrary.wiley.com/doi/abs/10.1029/2020WR029229

This chapter presents the results of a modelling study in which the blended model

structure is applied in calibration to twelve (12) catchments within the contiguous

United States. The previously calibrated blended model fromMai et al. (2020) was
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used in this chapter to provide an in-depth analysis of the calibration methodology

and model performances. Robert Chlumsky further implemented 108 �xed model

structures derived from theMai et al. (2020) model, re�ning the code to e�ciently

run multiple independent trials of those �xed structures and two additional models,

performed the analysis of results, and prepared the chapter. Drs. Mai, Craig, and

Tolson previously published the blended model structure deployed in this study and its

preliminary calibration (Mai et al., 2020), and contributed to the design of experiments

and the interpretation of results as well as the revisions to the chapter.
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3.1 Introduction

Hydrologic models have been used for numerous applications in the last number of

decades. These applications include stream
ow prediction, 
ood forecasting, or reser-

voir level forecasting, or in a scienti�c capacity to advance our understanding of hy-

drologic systems. Whether used in a predictive or scienti�c capacity, models are an

abstraction of the complex natural system being simulated, and necessarily simplify

the treatment of hydrological processes occurring in a watershed, either to facilitate

computational expediency or in recognition of the large degree of uncertainty regarding

how the watershed functions. In most practical cases, model calibration is required in

order to reconcile model output with historical observation; conventionally, this cali-

bration process focuses on tuning only model parameters. However, hydrologic models

are typically considered to have four main components that contribute to model un-

certainty (e.g., Butts et al., 2004;Beven, 2005;Gupta et al., 2012): (1) input forcing

data, such as precipitation and temperature, (2) model structure, which includes the

algorithmic functions used to simulate the hydrologic cycle, (3) model parameters re-

lated to the selected hydrologic process algorithms (often the only degree of freedom

used to tune model performance), and (4) an error term, which represents any uncer-

tainty or deviation from reality not captured in the other three components of model

uncertainty.

This paper focuses upon the simultaneous calibration of model structure and model
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parameters. We refer to model structure here as a combination of a) the number and

type of stores represented in the model and b) the collection of algorithms used to

describe the relationships between 
uxes and storage in each hydrological response unit

(HRU). The emphasis here in examining model structure is speci�cally on the selection

of process equations used to calculate 
uxes. Model structure can be further extended

to other modelling decisions such as spatial discretization, but this extended de�nition

is not evaluated here. Historically, most hydrologic models have been designed with

a �xed model structure while the input data and model parameters may vary from

watershed to watershed. These �xed model structures were typically chosen because

they (1) adequately represented the hydrologic response of one or more watersheds,

(2) generally respected the physics of water 
ow and storage, (3) were consistent with

conceptual models of the water cycle garnered from �eld investigation, and/or (4)

convention (Addor and Melsen, 2019). In many cases, trial and error was used to

determine �nal model structure (e.g.,Perrin et al. (2003)). However, there are many

such model structures that can generally meet these criteria, and as such, there exist

dozens of �xed-structure models which used di�erent algorithms to represent various

components of the water cycle. The �xed model structure concept is consistent with

a \one model �ts all" paradigm (Fenicia et al., 2011), and is exempli�ed in model

structures such as GR4J (Perrin et al., 2003). This paradigm has been repeatedly

called into question (Clark et al., 2011;Fenicia et al., 2011;Addor and Melsen, 2019).

In the last couple of decades, hydrologic modelling studies have identi�ed the need
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for models which allow the users to change the model structure, suited to speci�c needs

(Clark et al., 2008;Leavesley et al., 2002;Clark et al., 2011;Fenicia et al., 2011). Fixed

model structures are noted to likely provide su�cient predictive performance in some

catchments, but may not be adequate in all catchments or other applications (Hoey

et al., 2014). Butts et al. (2004) outline other reasons to advocate for 
exible model

structures including the ability for modellers to improve and tailor their models as

their understanding of the functioning of a study site improves (e.g.,Brown and Craig

(2020)), the complexity of a model is justi�ed, and/or as new data becomes available.

An additional bene�t of 
exible model structures is the ability to build model structures

which are purpose-driven in order to meet speci�c needs (Andr�eassian et al., 2009;

Coron et al., 2012), or to enable scienti�c studies (e.g.Remmers et al.(2020)).

The emergence of several 
exible hydrological modelling frameworks has followed

these calls in the literature (Leavesley et al., 1996;Wagener et al., 2002;Orellana et al.,

2008;Fenicia et al., 2008;Clark et al., 2008;Pomeroy et al., 2007;Fenicia et al., 2011;

Kavetski and Fenicia, 2011;Clark et al., 2015a;Knoben et al., 2019;Craig et al., 2020).

Flexible modelling frameworks have facilitated the study of model structures in hy-

drology, and allowed for the evaluation of multiple model structures. For example, 79

model structures were deployed and compared using the FUSE framework inClark

et al. (2008). Clark et al. (2015b) used the SUMMA framework in order to evaluate

process parameterizations for three sites in the western United States. Seven distinct

model structures were built using the SUPERFLEX framework for four di�erent catch-
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ments in Kavetski and Fenicia(2011). The SUPERFLEX framework was also used in

Fenicia et al. (2016) to tailor model structures for individual HRUs across multiple

catchments. More recent studies in hydrology continue to deploy 
exible frameworks

and cite their importance in facilitating research related to model structures (Pilz et al.,

2020;Remmers et al., 2020;Chadalawada et al., 2020). Such frameworks with multiple

process options are standard in land-surface modelling (Cuntz et al., 2016).

In the recent Knoben et al. (2020) study, the MARRMoT open-source framework

was used to facilitate the study of 36 lumped hydrologic model structures for 559 catch-

ments in the CAMELS data set. The model performance was found to be uncorrelated

with the number of model parameters, and instead related to the choice of model

parameterization (i.e. the given model structure and calibrated parameter values).

While the model structure performance was found to have the strongest correlation to

stream
ow regime, there was little correlation found for model structure performance

based on catchment characteristics, such as soil, vegetation, topographic, and geologic

attributes. As stated in the conclusions ofKnoben et al. (2020), \it remains di�cult

to explain the type of catchments where a model might do well with attributes that

quantify the catchments' geologic, topographic, soil, and vegetation attributes". It is

worthwhile to note that in all of these studies, the focus is on evaluating the perfor-

mance of a pre-selected set of model structures, rather than optimally identifying the

best structure. It is also noted that in all previous studies using the enumeration of

�xed model structures to select an optimal structure, the selection of an optimal model
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structure has not been successful (e.g.,Clark et al. (2008); Chadalawada et al.(2020);

Remmers et al.(2020)).

In more recent literature, the �rst explicit calibration of model structure and pa-

rameters simultaneously in hydrologic modelling was made through the use of mixed-

integer optimization by Spieler et al.(2020), referred to as Automatic Model Structure

Identi�cation (AMSI). Here, integer option numbers indicating the hydrologic process

algorithm to be used by the hydrologic model (from a �nite set of options) were de�ned

and explicitly calibrated as part of the mixed-integer calibration exercise. Along with

these integers, the associated continuously valued model parameters were calibrated,

identifying not only the optimal model structure but also the optimal parameterization

of this model. This represents another step forward into explicitly calibrating and e�ec-

tively selecting model structure. However, one limitation of the AMSI approach is that

the information mapping between the selected process algorithm and its corresponding

model parameters is not utilized, leading to the optimization of all model parame-

ters, whether or not they were active in the selected model structure. This limits the

e�ciency of the model calibration and might cause some optimization algorithms to

converge slowly or fail (Spieler et al., 2020). The AMSI approach also requires a mixed

integer optimization algorithm (handling both continuous and integer valued decision

variables) to solve the joint calibration problem and while such algorithms exist, the

vast majority of optimization algorithms employed for hydrologic model calibration are

only for continuous valued decision variables.
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Here, the automated simultaneous structure-parameter calibration approach of

Spieler et al. (2020) is generalized by calculating various hydrologic 
uxes using a

continuous weighted average between 
uxes calculated from individual process algo-

rithms (i.e., di�erent structures). This idea was introduced by Mai et al. (2020) for

simultaneous model structure and parameter sensitivity analysis. For instance, rather

than choosing between two discrete process algorithms for base
ow, the base
ow 
ux

may be calculated as the weighted average of that generated from two available base-


ow algorithms. This may be extended for any available process algorithm grouping

with a �nite number of available process algorithms. This weighted averaging allows

the exploration of continuous model structure space `between' di�erent discrete model

structures, which is not possible with the integer approach ofSpieler et al. (2020).

Lastly, this weighted averaging approach also partially addresses the issue of calibra-

tion algorithm ine�ciency due to conditionally inactive parameters as noted bySpieler

et al. (2020), whereby a large number of parameters can be inactive and thus non-

in
uential in unused process options.

This study uses the concept of blended model structures proposed byMai et al.

(2020) directly within a calibration framework, enabling e�cient simultaneous calibra-

tion of structure and parameters. The objectives of the study are to 1) assess the

e�cacy of this blended model structure calibration (BMSC) approach on a number

of MOPEX catchments, and 2) compare the computational e�ciency of the BMSC

approach to independently calibrating a �nite sample of di�erent model structures. In
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meeting these objectives, we intend also to address the following research questions:

1. Can blended model structures de�ning model structures using continuous param-

eters be used to simultaneously calibrate model parameters and model structure?

Can the calibration of blended models enhance the overall performance of existing

hydrologic models?

2. Can calibrated blended model structures reveal preference for one model structure

over another?

3. What is the importance of seeding on the blended model calibration with a good

initial model structure?

In Section 3.2 the methods, data, and case study domain will be introduced. The

study results and discussion for the study objectives and research questions will be

presented in Section 3.3. Finally, the study conclusions, limitations, and suggestions

for future work will be identi�ed in Section 3.4.

3.2 Methods

Section 3.2.1 will introduce the Raven Framework, the software used in this study

to construct hydrologic models and present the method of blended model structure

weighting. The details of the model structures used, the calibration schemes, and the

modelling experiment are discussed in Section 3.2.2. Finally, MOPEX catchments case

study details are provided in Section 3.2.3.
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3.2.1 Raven Hydrologic Modelling Framework

The Raven hydrologic modelling framework (Raven) is an open-source, object-oriented

software framework that can be used to build models from a selection of more than

100 available process algorithms (Craig et al., 2020). Mai et al. (2020) calculates that

approximately 8� 1012 hydrologic model con�gurations may be setup using Raven. For

this study, the bene�ts of using Raven include (1) the large number of available model

structures, (2) the computational e�ciency of the software and (3) the unique support

for blended model structures, which is necessary to support the proposed calibration

approach. With this blended model option, the user may specify process weights for

multiple hydrologic 
ux algorithms, and Raven will internally use a weighted sum of the

calculated 
uxes in each model simulation time step. The blended approach respects

the water balance, as the weighted 
ux is still limited by the water availability and

de�cits in the relevant storage compartments, and is handled the same as non-weighted


uxes in Raven.

Importantly, the process 
ux blending is done during a single model simulation,

rather than using multiple runs with di�erent process algorithms and combining the

outputs. This blending is done within de�ned process groups with two or more hy-

drologic 
ux algorithms, in which every grouped algorithm a�ects the same 
ux term.

De�ning such process groups requires expert guidance to ensure the algorithms are ap-

propriately grouped within their given process groups, i.e. that each process algorithm

within a group moves water between the same state variables. It needs to be noted
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that this process 
ux blending approach is fundamentally di�erent from obtaining a

multi-model simulation using the post-processing and averaging of model outputs, as

the weighting is done internally within the hydrologic model on each time step for each

hydrologic process. The weighting of process options within a single run in Raven has

only a nominal impact on the model run time, estimated in this experiment as a 2.3%

increase in the average model executable runtime relative to a non-blended model run.

The approach of blended model structures used here was introduced byMai et al.

(2020), and uses the exact same set of blended process groups. In this setup, Raven

is applied as a lumped model with two options forPi for the base
ow process, two

options Oi for evapotranspiration, three optionsM i for in�ltration, three options N i

for quick
ow, and three options Qi for snow balance. Other processes are included

in the model but are not blended, and are referred to as additional processesX 1.

These blended process options result in an enumeration of 108 plausible �xed model

structures when blending of processes is not performed. The �xed model structure

generated by selecting the �rst process option in each blended group (i = 1) results

in an emulation of the HMETS model (Martel et al., 2017). The HMETS model is a

relatively simple open-source model that can be perfectly emulated using Raven, and

the HMETS process algorithms are easily grouped with other algorithms in Raven

for blending, which makes the HMETS model a good candidate for inclusion as a

benchmark in this study.

Within each process group,i weights (w) are required, wherei is the number of
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process options (NPG) within each process groupG. For example, the total 
ux f G(t)

of the in�ltration process G = M within the blended model structure in a given time

step t may be determined as:

f M (t) =
NP MX

i =1

wMi f Mi (t) (3.1)

wheref Mi (t) is the ith in�ltration 
ux provided by in�ltration process option i , wMi

is the corresponding weight, andNPM is the number of process options for in�ltration

(in this setup, 3). This weighting is extended to each of the �ve blended process groups

in this con�guration (in�ltration M , quick
ow N , evapotranspiration O, base
ow P,

and snow balanceQ).

This weighted representation can be extended to any model processes with multiple

process algorithms available. In the Raven model �les, a process group can be speci-

�ed with NP algorithms per group (NP � 1), and NP process weights are provided

to determine internally the overall weighted 
ux following Eq. 3.1. These weightswi

(i = 1; : : : ; NP) need to sum up to one. Therefore, the weights, now parameters of the

model, cannot be sampled independently during calibration. Therefore,NP � 1 inde-

pendent weight-generating parametersr j (j = 1; : : : ; NP � 1), each between zero and

one, are introduced which may be sampled during calibration (i.e., decision variables

for the optimization algorithm), and are transformed within Raven into the weights

wi . The transformation approach ensures that 1) the weight-generating parameters

sampled during calibration may be adjusted independently, such that the order of the

weight-generating parameters is not relevant, and 2) the weights in Raven will sum
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to unity. The relationship between the set of weight-generating parameters and set

of weights is such that everyr1, r2 pair uniquely generates a set ofw1, w2, and w3,

and any w1, w2, and w3 uniquely corresponds to a single pairr1, r2, and r3. The

transformation approach was �rst introduced byMoeini et al. (2011) and is provided

in detail in Appendix A of Mai et al. (2020). The blended model weights therefore add

a total of eight additional model parameters (weight-generating parameters) with this

approach, which are used to generate 13 weights internally in Raven. This leads to an

overall number of 42 parameters of the blended model structure (versus 34 parameters

collectively in the �xed model structures).

3.2.2 Overview of Model Structures and Calibration

This study compares 108 �xed model structures generated from the permutation of

multiple process algorithms within �ve di�erent hydrologic processes. These included:

two options for base
ow, two options for evapotranspiration, three options for in�l-

tration, three options for quick
ow, and three options for snow simulation (termed

\snow balance"). Additional hydrologic processes with �xed process options, such as

rain-snow partitioning and percolation, are also included in each of the discrete model

structures to form a complete model.

This set of structures and process algorithms are produced from the setup intro-

duced and analysed byMai et al. (2020). For completeness the process options and as-

sociated parameters including their ranges can be found in theAppendix (Table 7.1
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and Table 7.2 ). Each model structure is setup within the Raven Hydrologic Modelling

Framework, and the process names and algorithmic descriptions may be found in the

Raven Manual (Craig, 2020). One model structure within the set of 108 of the discrete

model structures is the HMETS model (Martel et al., 2017). At least one of the �ve

\HMETS" process algorithms is included in 100 of the 108 �xed model structures in

this study.

In order to provide an additional set of benchmarks for comparison within the study,

additional averaged models generated from an average of the 108 �xed hydrograph

simulations were included in the study. The simple model average (SMA) hydrograph

is calculated as the mean of the simulated hydrographs of all 108 �xed model structures

using equal weighting. The weighted model average (WMA) hydrograph is calculated

by the approach used inLane et al. (2019), in which all calibrated models with a

Nash-Sutcli�e E�ciency (NSE) score above 0.5 are assigned a normalized weight, and

all other models are given a weight of zero. The WMA is considered to be more

informed by the calibration results of the �xed model structures than the naive average

performed to obtain the SMA. These models represent typical multi-model approaches

in literature, (e.g., Duan et al., 2007; Vel�azquez et al., 2010; Diks and Vrugt, 2010;

Seiller et al., 2017;Muhammad et al., 2018;Darbandsari and Coulibaly, 2019;Lane

et al., 2019).

Finally, the `blended' model structure is included using the weighted average of all

available process options, as described in Section 3.2.1. The model weight-generating
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parameters are calibrated simultaneously alongside other model parameters during

the calibration process. This averaging of process 
uxes from multiple algorithms is

performed during the model runtime at each timestep and whenever each process is

simulated, and is is therefore fundamentally di�erent from the `averaged' model which

averages the �nal simulated stream
ow in post-processing. This blended model was

used byMai et al. (2020) in the context of sensitivity analysis, but has otherwise not

been deployed for calibration prior to this study.

This blended model is the main focus of this study, speci�cally in determining

whether the blended model structure can be successfully deployed as an alternative

to enumerating �xed model structures (such as the 108 structures), and whether this

blended approach may enhance the overall performance of the hydrologic models. It

must be emphasized that when we compare the blended model (one calibration prob-

lem) to the 108 alternative structures, this is a scenario where the modeller is unsure

about the best structure. Hence, the modeller must build 108 di�erent models and

then solve 108 calibration problems in order to select a 'best' model structure.

A total of 111 models and structures will be compared during this study:

ˆ 108 �xed model structures, based on the enumeration of permutations from

the �ve processes with multiple possible algorithms, one of which emulates the

HMETS model;

ˆ the blended model structure, which is the result of simultaneous calibration of

structure and parameters; and
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ˆ two 'averaged' models (the SMA and WMA), which both utilize some average of

the 108 �xed model structure hydrographs, representing an ensemble approach.

Each model con�guration uses a lumped spatial representation and a daily time

step. Identical forcing inputs, state initializations, and process algorithm implementa-

tions are provided for each model structural con�guration.

The model evaluation metrics for calibration is calculated based on twelve years

of simulated catchment out
ows over the period from January 1, 1972 to December

31, 1983. The model simulations for calibration are performed following a two-year

warm-up period from January 1, 1970 to December 31, 1971. The model validation

period of six years follows the calibration period, and spans from January 1, 1984 to

December 31, 1989. The calibration and validation periods are within the typical range

found in the literature for similar studies, such as the two year calibration and one year

validation period in Kavetski and Fenicia(2011), the ten year periods in other studies

(Rakovec et al., 2019;Mizukami et al., 2017;Kratzert et al., 2019a), and the 20+ year

calibration and validation periods inSpieler et al.(2020).

The calibration was performed using the Dynamically Dimensioned Search (DDS)

algorithm (Tolson and Shoemaker, 2007), as implemented in the Ostrich calibration

toolbox (Matott , 2017). DDS is ideally suited for computationally expensive problems

(Tolson and Shoemaker, 2007), and has been used in many studies to calibrate hydro-

logical models (Sha�i and Tolson, 2015b;Seiller et al., 2017;Zink et al., 2018;Becker

et al., 2019;Spieler et al., 2020). The calibration of each of the 109 model con�gu-
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rations that require calibration is completed with a prescribed budget as required by

the DDS algorithm. Initial values in the calibration were set as random starting values

within the available parameter ranges for all calibration runs. All model structures are

calibrated using a DDS budget of 10 000 iterations. This is based on a common upper

limit for large computation studies found in literature, such as: the 10 000 iterations

with the DDS algorithm in Tolson and Shoemaker(2007), the 1 000 iterations budget

for DDS and 10 000 iterations limit for the Shu�ed Complex Evolution (SCE) algo-

rithm in Rakovec et al.(2019), and the convergence with the SCE algorithm after 16 000

iterations to 18 000 iterations inCuntz et al. (2015). A maximum budget of 10 000 was

also used in the comparableSpieler et al. (2020) study. All model calibration runs

were repeated twenty times with di�erent randomly generated initial parameter sets

in order to obtain a distribution of results.

The calibration budget of 10 000 does not guarantee convergence of the algorithm;

DDS is not designed to converge to the precise global optimum, and it adjusts its

parameter sampling according to the prescribed calibration budget. This potential

for any given calibration run to not converge to the precise global optimum within

the speci�ed calibration budget allows for model structures to outperform a more

complex model structure that they are a subset of. Speci�cally, in this experiment

all �xed model structures are subsets of the blended model structure, and could be

reproduced exactly with the correct set of parameters and weights in the blended

model. If all model structures converged to the global optimum, then the blended
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model would perform equally well or even better than all model structures in this

experiment. However, with the speci�ed calibration algorithm and budget, a �xed

model structure may outperform the blended model. The �xed calibration budget for

each model structure, despite the larger number of parameters with some models (such

as the blended model), also increases this possibility. The use of the best calibration

result out of 20 optimization trials mitigates against this possibility.

The models are calibrated regarding the NSE metric (Nash and Sutcli�e, 1970):

NSE = 1 �
P T

t=1 (yt � ŷt )2

P T
t=1 (yt � �y)2

(3.2)

whereyt is the simulated value at timet, ŷt is the observed value at timet while T

is the number of observations, and �y is the average of theT observed data. The NSE

is bounded as [�1 ; 1] and is useful in interpretation of relative performance, since a

value of 1 indicates a perfect �t to the observed data while negative NS e�ciencies

indicate a performance worse than simply using the average of the observed data.

The NSE metric, as well as other integrated metrics, has been criticized in the lit-

erature as providing a relatively weak benchmark for hydrologic performance (Gupta

et al., 2008), as well as providing insu�cient information to discriminate hydrologic

performance between model structures (e.g.,Sha�i et al., 2017). The authors generally

agree with these limitations of integrated metrics such as the NSE. Model consistency

would also be improved by the use of a Pareto-based approach with multiple objectives

in optimization (Sha�i and Tolson, 2015b), ideally with observed data sources beyond

stream
ow (e.g., snowpack measurements). However, for the purpose of providing a
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comparison for a large number of model simulations, integrated metrics based on his-

torical stream
ow records provide a necessary �rst-level overview of the model perfor-

mances across thousands of model runs. The NSE is used in this paper to demonstrate

those di�erences. In meeting the purpose of this study to demonstrate the simulta-

neous calibration of model structure and parameters, the integrated metric is deemed

to be su�cient. The NSE metric was also used in the description of the MOPEX12

model performances inDuan et al. (2006) and as the objective function in the AMSI

method of Spieler et al.(2020).

It is also noted that the selection of DDS as the calibration algorithm may impact

the performance in this experiment. As noted byBehrangi et al.(2008), DDS may not

be the ideal algorithm for a large number of iterations where �ne-tuning of parameters

is required for the `optimal' solution. However, the strength of DDS is to �nd `good'

quality solutions globally (Tolson and Shoemaker, 2008), which is helpful in this study

to help ensure the model performance across many model structures is not impacted

by local optima. In any case, the purpose of this study is to compare the relative

performance across model structures including the `blended' model structure, which

is achieved by the use of a consistent optimization method for all structures. For

the purpose of �ne-tuning parameters for further improvements in model performance,

pairing the DDS algorithm with a subsequent gradient-based method, such as the

Nelder-Mead algorithm (Nelder and Mead, 1965) may be desirable.
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3.2.3 Case Study using MOPEX Catchments

The Model Parameter Estimation Experiment (MOPEX) is an international project

aimed at developinga priori parameter estimations in hydrologic models. The MOPEX

database contains 438 catchments across the continental United States. During the

second and third MOPEX workshop twelve of those catchments were selected as a

benchmark set. This set is referred to in this study as the `MOPEX12'. Details of the

second and third MOPEX workshops may be found inDuan et al. (2006).

These twelve catchments cover the southeastern portion of the United States and

were selected since they span a wide range of hydrologic characteristics (Duan et al.,

2006), making them a suitable set of catchments for testing various model structures

on a range of hydrologic conditions. The locations of these catchments are provided in

Figure 3.1. The catchment characteristics of the MOPEX12 are provided in Table 3.1,

calculated from the available 56 years of forcing data from 1948 to 2003. Besides major

basin characteristics such as mean annual temperature, precipitation and evapotran-

spiration, the table speci�es the geophysical properties required to set up the models

in Raven.
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Figure 3.1 Map of the twelve MOPEX12 catchments located in the southeastern part of
the United States. The numbering of the catchments is consistent with Table 3.1.
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The MOPEX12 catchments were selected for use in this study in order to evalu-

ate the performance of each model structure in di�erent catchments and geographic

locations. Each model structure was applied using the same set of respective param-

eters, calibration and validation periods, etc., and models were calibrated separately

(i.e. with di�erent calibrated parameter values) for each of the twelve catchments. The

same set of MOPEX12 catchments have been used in other studies, such asEvin et al.

(2014) and Cuntz et al. (2016), and additional catchment properties may be found

therein. The MOPEX catchments have also been used to support numerous other

studies (Clark et al., 2008; Kavetski and Clark, 2010; Ye et al., 2014). The contin-

ued use of MOPEX catchments in scienti�c studies contributes to best practices with

respect to open data and reproducability of results.

3.3 Results and Discussion

We present the results of the model performances across 111 model structures, including

the 108 �xed, one blended, and two averaged model structures. First, the overall

model performances are presented and discussed (Section 3.3.1). These address the

primary study objectives of determining whether blended model structures can be used

to simultaneously calibrate model parameters and structures, and how this compares

to the calibration of �xed model structures. Second, the modelling results are explored

to provide insight on dominant processes and model structures across spatially and

hydrologically variant watersheds. The role of the blended model in this analysis is
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discussed in Section 3.3.2. Finally, the impact of non-random initial values on the

blended model is explored in Section 3.3.3).

3.3.1 Calibration and Validation Performance

A total of 109 model structures, including the 108 �xed and one blended model struc-

ture, are calibrated with the 10 000 calibration budget for the twelve MOPEX catch-

ments, with 20 independent trials for each run. This results in 240 (12� 20) calibration

exercises for each of the 109 model structures. The hydrographs of the averaged models

are derived as an average of the hydrographs of 108 optimal �xed model structures.

The primary objective of this experiment is to determine whether the blended model

with continuous structural-weighting parameters can be successfully deployed and used

to calibrate model parameters and structure. The relative performance of the blended

model structure to that of the �xed model structures and averaged structures under

the same calibration conditions is also discussed.

In total, twenty independent trials are performed in order to account for the random

component of the calibration procedures. The twenty results hence lead to a distri-

bution of calibrated model results rather than a single set of results. The calibrated

parameters sets (including the parameters used to describe the model structure in the

blended model) are used to derive model results for the calibration (1972 to 1983) and

validation (1984 to 1989) period. Recognizing that the DDS algorithm is designed to

achieve a \good" global performance (a \good" solution as per the de�nition inTolson
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and Shoemaker(2008)), a common calibration strategy when deploying DDS is to use

the best performing optimization trial from a number of independent trials. This strat-

egy is deployed here by taking the optimization trial with the maximum calibration

score in the reporting of results. The maximum calibration scores of the 20 trials for

the twelve catchments and their corresponding validation scores are shown inFigure

3.2.
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Figure 3.2 Model rank calculated from the maximum calibration NSE score for each
catchment and model structure with a calibration budget of 10 000 model runs. The x-axis
is the model structure rank, ranging from 1 to 111. The y-axis is the maximum calibration
NSE score for each model structure. Highlighted bars indicate the position of the simple

model average (SMA) (red), weighted model average (WMA) (green), blended (blue), and
HMETS (violet) models. The maximum scores in the calibration period and validation

period are both shown for each model structure.



In Figure 3.2 the blended model is within the top quartile for nearly all twelve

MOPEX catchments, and ranks as the top model structure in catchments 4 and 8.

The blended model achieves a higher maximum calibration NSE than both averaged

models in all catchments, and achieves a larger calibration NSE than the HMETS

model in seven of the twelve catchments. The HMETS model tends to rank within

the top quartile for most of the catchments, with the exception of catchment 11, and

is the top ranked model in catchment 7. The HMETS model also achieves a higher

maximum calibration NSE than the averaged model in all catchments. The SMA model

tends to lag in performance rank in comparison to the blended and HMETS model

structures, with a consistent rank near position 35. The calibration-informed WMA

model consistently outperforms the SMA model in calibration for all 12 catchments.

Another way in which the results were analysed is by evaluating the average rank of

each of the 111 models over all 240 replicates (12 catchments� 20 trials), which uses the

calibration performance from all independent trials rather than the maximum of each

set. Each model is assigned a rank (1 to 111) based on the NSE for the period analyzed

(calibration or validation) for each trial. The results of the average rank across those

240 experiments are derived for both calibration and validation period (Figure 3.3 ).

Every point in each subpanel represents one of the 111 model structures considered.

The y-axis is the raw average rank (across 240 replicates) while the x-axis is simply

the ranks of these raw average ranks. For example, considering panel (A), the blended

model has the best average rank across replicates (6:1 on the y-axis) and is thus ordered
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as rank 1 on the x-axis. In comparison, panel (A) shows the SMA model has an average

rank of 24:4 on the y-axis and that average rank is 13th best, and thus ranked 13th on

the x-axis.
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Figure 3.3 The average model structure rank across all 240 replicates (12 catchments� 20
trials). The statistic is derived for the calibration (A) and validation (B) periods with the

budget of 10 000 model runs. All 111 model structures are included in these plots while the
simple model average (SMA) (red), weighted model average (WMA) (green), blended
(blue), and HMETS (violet) model structures are highlighted with colored markers.
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In Figure 3.3 , the blended model is the top ranked model structure based on the

calibration NSE performance, when averaged over all catchments and trials; the WMA

model is the second ranked model structure. In calibration, the blended, HMETS,

and averaged models all rank within the top 25 positions by average calibration rank.

However, in validation, the HMETS model has a reduced performance relative to the

other models, as it falls to rank 33 on the x-axis, while the blended, WMA, and SMA

models rank in positions 6, 9, and 13 in validation, respectively. In both calibration

and validation, the blended model ranks higher by average rank than the HMETS or

averaged models.

The results indicate a successful application of the simultaneous calibration of pa-

rameters and model structure, consistent with some of the best available �xed model

structures and averaged models in this study in both calibration and validation per-

formance. This indicates that the blended model is successfully deployed with some

evidence that the blended model has the potential of enhancing the overall perfor-

mance of hydrologic models. In the comparison of the blended model calibration NSE

rank within each catchment (i.e. Figure 3.2 ), the blended model is shown to have

a robust performance across the twelve hydrologically varying MOPEX catchments,

including the top performance in a number of catchments. This high performance

of the blended model is seen even with a larger number of parameters than all �xed

models. The robustness is emphasized in the ranked plot inFigure 3.3 , where the

blended model ranks as the highest in calibration for both calibration schemes, and
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outperforms many of the �xed structures in validation as well. The relative perfor-

mance of HMETS versus that of the blended model is revealing. HMETS consistently

performs very well in all calibrations. This, in part, re
ects the quality of the named

model structure, but also may indicate that the alternate model structures (i.e., the

algorithms not found in HMETS) either have reduced 
exibility or appropriateness for

these catchments. Likewise, the alternate model structure set may have been insu�-

ciently diverse or independent, thus enabling the calibration of HMETS to focus on �ne

tuning a much smaller set of �xed parameters while the calibration of blended model

incurs signi�cant overhead in trying to simultaneously identify model structure and

tune parameters. The dependence of the blended model performance on the chosen

variety of structures or di�erent calibration budgets is not evaluated here.

In this study the 108 �xed model structures represent all possible non-blended

permutations of the available model structures. A requirement of the blended model

to outperform all 108 �xed structures across all catchments and independent trials,

may be a super�cially high standard to demonstrate an improved performance over

�xed model structures. However, the blended model structure is shown to generally

within the top quartile of model structures when examining the maximum NSE within

each catchment, and furthermore is demonstrated to be the top ranked model structure

on average among 108 �xed structures, where the 108 �xed structures represent the

discrete boundaries in model space to the blended model.

The comparison of the blended model structure to the averaged model structures is
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also a rigorous one, where the averaged models represent ensembles of 108 �xed model

structures calibrated separately and cumulatively involves a much higher computa-

tional cost to generate. The use of model ensembles is currently a common method in

hydrology to combine model outputs and sample model space (Remmers et al., 2020).

In this study the blended model is found to outperform the averaged models in almost

all instances, while requiring less than 1% of the computational cost. For example, our

benchmarking shows in a single blended model simulation over the calibration period,

the blended model run time only increases by just over 2% relative to the average

model executable run time for the 108 �xed structure models in our experiment. This

minor run time increase is a major advantage of blending at the process level instead of

at the model output level. Given the negligible runtime increase of the blended model

versus other models, in this setup with a �xed calibration budget for each model, the

averaged models require 10 000 model runs for calibration of each of the 108 �xed model

structures, while the blended model requires only one calibration with 10 000 model

runs (i.e. approximately 1=108 the computational cost). Even if the calibration budget

of the blended model would need to be doubled in order to account for the additional

parameters and longer convergence time, this would be a signi�cant reduction in the

computational budget of the experiment overall. Rarely, if ever, would a given model

structure be anticipated to outperform more than one-hundred related and individually

calibrated model structures, or the ensemble of those individually calibrated models.

Additional insight on the increasing validation NSE scores with lower calibration

64



NSE scores in particular catchments, such as in catchment 11 (Figure 3.2 ), may be

gained from the plots of observed hydrographs for each catchment (Figure 7.1 ). In

catchment 11 there exists a disproportionately large peak 
ow event that occurs in the

calibration period, and no event of a similar magnitude can be found in in validation.

In this case, the calibrated models may be over�tted to this event, particularly since

the usage of NSE will tend to emphasize �tting to large 
ow events (Schae
i and

Gupta, 2007). This may cause the calibrated models to be over�tted to large 
ow

events in calibration, and underperform in validation when no such large events exist

in the observed data. Some of the same discrepancies in calibration and validation

scores for catchments 11 and 12 in particular (Guadalupe River TX, and San Marcos

River TX, respectively) are found in other studies using the MOPEX12 dataset (e.g.,

Ye et al., 2014;Spieler et al., 2020;Clark et al., 2008). Clark et al. (2008) examined the

Guadalupe and French Broad catchments, and suggested that \some structures may

be better suited than others" in the arid Guadalupe catchment, while the structures

had enough 
exibility to be provide good performance in the wetter basin.

The results of the maximum calibration NSE for each catchment (Figure 3.2 )

demonstrate a high degree of equi�nality in a number of cases, where many model

structures exist with similar NSE scores. InFigure 3.2 , many catchments (e.g. catch-

ments 2, 3, 4, 5, 7, 9, 10) have highly similar NSE scores among the �rst 30 or more

model structures, and any selection of a dominant structure based on the single NSE

metric would be ill-advised. For example, in catchment 9, the blended and HMETS
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models are in rank positions 22 and 29, respectively, but the di�erence in maximum

calibration NSE to the top ranked model in catchment 9 is less than 0.005 NSE for both

models. In this catchment, the 37 top ranked models are virtually indistinguishable

from one another based on calibration NSE performance alone.

One possibility for addressing this equi�nality in the calibration performance is to

examine the validation performance of the models, although it is not uncommon (for

example, catchments 4 and 7 inFigure 3.2 ) to �nd similar performance metrics for

these model structures in the validation period as well. Another method for addressing

equi�nality is the use of multiple metrics to discriminate between model performances,

such as the use of hydrologic signatures (Euser et al., 2013;Sha�i et al., 2017;Kavetski

et al., 2018), and the use of multiple other metrics (e.g.Knoben et al.(2020)). However,

the purpose of this study is not to discriminate between model structures and select

the optimal structure per se, but to demonstrate that the calibration of a blended

model structure is a viable alternative to calibrating multiple �xed model structures.

Therefore, equi�nality in the single NSE score is acknowledged but does not undermine

the conclusions drawn from the presented results.

An application of the blended model is the possibility of identifying dominant pro-

cesses and model structures, which may be done through the calibration of the blended

model and without the enumeration of all plausible �xed model structures individually.

As demonstrated in the results presented in this section, the blended model structure

may select blends of model structures (in e�ect, seeking new model structures) in
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cases where a single dominant structure or process does not exist within the provided

framework. The identi�cation of dominant process algorithms and model structures is

discussed further inSection 3.3.2 .

3.3.2 Model Selection Performance

In this section, the ability of the blended model to `select' preferred model structures

at the individual process level (i.e., for base
ow, evapotranspiration, in�ltration, quick-


ow, and snow balance) is evaluated with reference to the `brute force' approach of

calibrating 108 �xed model structures. Model structure selection, in the case of the set

of 108 �xed structure models, corresponds to individual structures consistently per-

forming better than their alternatives across the range of models. In the case of the

blended model, model structure selection is indicated by a preference to weight one

structure over the alternatives. The latter approach is clearly less computationally

intensive, and it is therefore worthwhile to evaluate whether it is as e�ective.

The model performance results based on a calibration using a 10 000 budget are

provided in Figure 3.4 , and for brevity are shown only for catchments 1, 8, and 11.

The three catchments are selected as illustrative examples in the relative performance

of the blended model in di�erent catchments, determined from an examination of the

process plot inFigure 3.4 , as well asFigure 3.2 . These three catchments were each

deemed representative of the general characteristics of a subset of the 12 MOPEX

catchments as follows:
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ˆ Catchment 1: the HMETS model generally has a higher NSE score than the

blended model, with no clear correlation between the selection of process algo-

rithms and overall model performance in calibration, with the exception of the

selection of the in�ltration algorithm (where in�ltration algorithm no. 1 is clearly

preferred). Catchment 1 is considered representative of catchments 3, 5, and 10

in this respect.

ˆ Catchment 8: the HMETS and blended models perform similarly well in calibra-

tion, with a clear separation in model performance based on the selection of the

snow balance algorithm, and the preferred in�ltration algorithm also corresponds

to process option no. 1. Catchment 8 is considered representative of catchments

4, 6, and 8 in this respect.

ˆ Catchment 11: the blended model has a higher NSE score in calibration compared

to the HMETS model, where the calibration performance is clearly reliant on the

selection of the non-HMETS evapotranspiration algorithm (process option no.

2) and the selection of in�ltration algorithm no. 1. Catchment 11 has been

described in other studies as an arid catchment where the selection of model

structure appears to be a more sensitive decision for NSE performance than than

in wetter catchments (e.g.Clark et al. (2008)).

The results for all twelve MOPEX catchments are provided in theAppendix .
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Figure 3.4 Model performance in calibration NSE score on the y-axis and density on the
x-axis (1-109), plotted for catchments 1, 8, and 11, and faceted horizontally by the �ve

groups of process algorithms in this study. Density axis ranges vary by plot but labels have
been removed for simplicity. In each density curve the colour corresponds to a choice of
process algorithm within the process group as 1, 2, or 3. Model structures 1 through 108
are �xed model structures. The horizontal grey lines indicate the NSE performance of the
blended model trials. The averaged model is omitted from this analysis. Results are shown

for a calibration budget of 10 000 model runs.
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Figure 3.4 is initially examined only with reference to the distributions generated

using the brute force approach of model selection. It is observed that in all catchments

that the HMETS in�ltration algorithm (process option no. 1) is required for a high

NSE score in calibration. This is indicated by a distinct distribution of higher NSE

when process no. 1 is used. This may be contrasted with the base
ow algorithm,

where the distributions of NSE for all three catchments are nearly indistinguishable for

the two process options. This in�ltration algorithm is clearly preferred for the three

catchments inFigure 3.4 and the remaining nine MOPEX catchments (Figure 7.2 ).

In catchment 1, the separation between the three snow balance algorithms is not

clear, with a similar performance seemingly achieved with any of the three snow balance

algorithms. In catchment 8 there seems to be a stronger preference for the HMETS

snow balance algorithm (process option no. 1), with a secondary preference of the third

snow balance algorithm over the second. This preference is clearer when examining only

NSE above about 0.65 (i.e., when conditional upon the proper selection of in�ltration

algorithm). In catchment 11, which is a Texas catchment with no snowfall in a typical

year, there is a clearly no e�ect of the snow balance algorithm on model performance,

as would be anticipated.

Catchment 11 shows a slight preference in the second evapotranspiration algorithm

over the HMETS evapotranspiration algorithm, unlike catchments 1 and 8 with no

clear di�erence in model performance based on the evapotranspiration algorithm. The

higher importance of the selection of the evapotranspiration algorithm on model per-
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formance in arid catchments than others is also anticipated. This preference for the

non-HMETS evapotranspiration routine in catchment 11 may be part of the reason why

the HMETS model does not perform as well in this catchment, and performs worse

in the calibration performance ranking in this catchment than in any other. The full

process results (Figure 7.3 ) however, show that this preference for the non-HMETS

evapotranspiration algorithm is less clear in catchment 12, the second Texas catch-

ment. Therefore the dominance may be for a more local reason than as an arid Texas

catchment behaviour overall.

A preference for the HMETS quick
ow algorithm in catchments 8 and 11 may exist,

although it is clearly shown for catchment 1 where the HMETS algorithm (option 1)

dominates the upper tail of the performance density curve. There appears to be little

impact on the model calibration NSE score based on the selection of the base
ow

algorithm in these three catchments; this is likely a function of the objective function,

which is less in
uenced by low 
ow characteristics of the hydrograph.

The process weights from the blended models are calculated using the calibrated

weight-generating parameters for each independent trial. The process weights for each

blended process in catchments 1, 8, and 11 are plotted for the twenty independent

trials in Figure 3.5 . These results are �ltered to use only independent trials where

the calibration NSE score is within 0.05 of the top performing model, which removes

trials with poor scores that may not be reliable for structure identi�cation (i.e, under-

optimized solutions). The full set of plotted process weights for all twelve catchments
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is provided in the Appendix (Figure 7.3 ). Here, it is implicit that higher weights

associated with a process correspond to model structure selection. Blended model

selection skill is evaluated with respect to the brute force results ofFigure 3.4 : if

the same preferred model structures are identi�ed, then the blended model selection is

deemed to be e�ective.
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Figure 3.5 Blended model process weights from 0 to 1 on the y-axis, and numbered
options for each blended hydrologic process on the x-axis, faceted by the hydrologic process

group. Each box and whisker plot displays the spread of the given process weight within
the process group, where horizontal lines represent the 25th , 50th , and 75th percentiles, and
outliers are shown as points. For each catchment, the data blended model result is �ltered

to include only information from independent trials where the calibration NSE performance
was within 0.05 inclusive of the top performing independent trial. Results are shown for a

calibration budget of 10 000 model runs, and only catchments 1, 8, and 11 of the MOPEX12
catchments.
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In catchments 8 and 11 the base
ow algorithm in the blended model has approx-

imately equal weighting on average, with no clear pattern in performance related to

the selection of one base
ow algorithm or the other, which is consistent with the �xed

model results (Figure 3.4 ). All of the clearly preferred options identi�ed in the �xed

structure evaluation are likewise re
ected in the blended model weights. The �rst in�l-

tration algorithm is strongly favoured in all three catchments. The evapotranspiration

algorithm shows approximately equal weighting on average in catchments 5 and 8.

However, it shows a higher process weighting for the second algorithm in catchment

11, as is consistent with the slight preference shown in the �xed model structures. The

quick
ow process weights tend to favour the �rst quick
ow algorithm in catchments

8 and particularly 11, with a less dominant but still clear preference in catchment 1.

Finally, the snow balance is shown to have a slight preference a blend of algorithms 3

and 1 in catchment 1, with a low blended weight assigned to algorithm 2.

The blended model calibration did seem to select some algorithms not clearly shown

to be preferred in the evaluation of the 108 model structures. For instance, in catchment

1 there is a preference for base
ow algorithm 2 with the blended model, which is not

seen in the �xed model structure results ofFigure 3.4 . This may be because of the

relatively small impact of low 
ows on NSE or could be connected to the relative low

ranking of the blended model in this catchment, perhaps implying this model su�ers

from this preference during the calibration process. In catchment 11 there appears

to be an inability to di�erentiate between snow balance algorithms 1 and 3, with a
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handful of outliers that more strongly favour algorithm 2. With the understanding

that the snow balance algorithm selection should not impact the model performance

in a Texas catchment, this may indicate that the algorithm may weight processes

arbitrarily, and therefore a high weighting alone may not be an indication of preference;

rather, consistently high weighting may be more informative. In relation to the �xed

structure results, the snow balance algorithm preferences in catchment 1 are somewhat

di�erent from the �xed model structures, where all three algorithms appear to have

similar performances, and the blended model weights skew towards algorithms 1 and

3 more heavily. In catchment 8 the preference for algorithms 1 and 2 aligns between

the �xed structure results and the blended model weights more clearly, and the lack of

preference in catchment 11 is also consistent between the two sets of results. Additional

discrepancies may be seen with respect to quick
ow processes in catchments 8 and 11,

in which the blended weights demonstrated no clear preference but there is a di�erence

in the NSE distributions of the 108 models. Of course, neither the weights or NSE

performance distributions are unassailable indicators of model structure preference;

their quality is conditional upon the number of independent trials used, the convergence

of the calibration, and the equi�nality of model structure. Because of this, we are wary

of expecting uniform agreement between the two metrics, which are both potentially

useful indicators of submodel preference that deserve future investigation.

In examining the blended model weights for all twelve catchments (see theAp-

pendix ), the following results are observed:
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ˆ the base
ow process algorithms tend to have near-equal weighting in almost all

catchments;

ˆ the evapotranspiration process algorithms tend to have similar weights in most

catchments, with some exceptions where one of the algorithms is more heavily

weighted;

ˆ the �rst in�ltration algorithm (HMETS in�ltration) appears to be preferred in

most catchments, with exceptions in catchments 2 and 12, where it is equally

weighted with one of the other two algorithms;

ˆ the quick
ow algorithm tends to skew towards the �rst process algorithm, but is

more equally weighted with other options in many catchments; and

ˆ the snow balance algorithms have a variety of preferences across the catchments

for one of the three algorithms, a blend of two algorithms, as well as no clear

preference between the three algorithms.

In cases where no clear or less clear dominant process algorithms tend to exist, as

shown in some cases with the with base
ow and evapotranspiration algorithms, it is

unclear if the inclusion of additional process algorithms will eventually reveal a dom-

inant process algorithm within the group, or the addition of more process algorithms

to the group will fail to identify a dominant one and the choice of algorithm for the

given process is simply less important than it is for other process groups. For example,

the process groupings for base
ow and evapotranspiration with only two process algo-
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rithms appear to have less preference in the blended weights for a particular algorithm

than other processes with three algorithms, possibly suggesting that two is at least one

option too few. As previously noted, the choice of calibration metric likely has some

in
uence, as the lack of base
ow algorithm preferences may be due to the use of a

metric biased towards high 
ow events. Another possibility is that the blended model

may identify preferred solutions in continuous model space where the discrete model

structure options do not have a clear dominant structure, which is a likely advantage

of the continuous exploration of the BMSC method over existing ones. In any case,

there exists a balance between including additional process algorithms and limiting the

number of blended model parameters in the calibration. The appropriate number of

process algorithms to include in a grouping is not clear; more work is required to deter-

mine the proper strategy for seeding the BMSC with the most appropriate structure

population.

A larger scale exploration of this type of process plot for a larger catchment set, such

as the CAMELS dataset (Addor et al., 2017) with its 671 catchments, may help to gen-

eralize these insights for particular sets of process algorithm selections. The potential

role of the blended model in this type of analysis may be in 1) exploring various model

structures with a methodology that replaces the enumeration of multiple structures,

as the blended structure may emulate these structures without the requirement for

separate model con�gurations, and 2) in exploring inter-structure model performances

and interactions between process selections, i.e. exploring model space continuously.
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A clustering of model performance and process weights may provide additional in-

sights on the dominance of particular processes and process algorithms. This serves

as a computationally-e�cient potential alternative to the quanti�cation of �xed model

structures for classi�cation of model structure families, such as done byRemmers et al.

(2020).

3.3.3 Impact on Model Calibration with Non-Random Seeding

In the results presented thus far, the blended model is calibrated using a random initial

parameter values in the 20 independent trials for each catchment. The third research

question of this work is to explore the impact of non-random seeding on the blended

model. This is discussed brie
y in this section.

As an additional experiment, the blended model is calibrated using the calibrated

HMETS parameters within the given trial for each catchment. The blended model

structural parameters are set to emulate the calibrated HMETS model, and all non-

HMETS parameters are set to default values in the initial seeding of the blended model.

The blended model is calibrated with the same calibration budget (10 000 model runs)

using the non-random starting values. In this sense, it may be considered to have twice

the computational budget used relative to the other model structures. This blended

model con�guration is referred to herein as the blendedHMETS model. The HMETS

model is selected as an initial value set for this experiment due to its high NSE scores in

multiple catchments, as well as its existence as the basis for many of the derived process
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options in the modelling con�guration. It is noted that in this experimental setup, the

HMETS model structure is a subset of the blended model structure, which allows the

emulation of the calibrated HMETS model with the blended model structure. The

main objectives of this are to examine how this seeding would impact the performance

of the blended model relative to random seeding of initial parameters, and how much

improvement may be observed in a calibrated �xed model structure when the structure

is switched to a blended model.

For brevity, the three catchments discussed in theSection 3.3.2 are selected

once more to examine these results. In calibration, the performance of the blended,

blendedHMETS , and HMETS models are presented inFigure 3.6 .
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Figure 3.6 Calibration and validation NSE scores plotted for catchments 1, 8, and 11, for
the blended, blendedHMETS , and HMETS models. Column 1 presents the calibration NSE
scores, and column 2 presents the validation NSE scores. Catchments results are presented
by row, with catchment 1 information in row 1, catchment 8 in row 2, and catchment 11 in
row 3. The blended model is shown in red, the blendedHMETS is shown in green, and the

HMETS model is shown in blue.
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In catchment 1, there is an improvement in the calibration NSE scores in the

blendedHMETS model over the HMETS model, as well as higher scores overall in the

blendedHMETS model over the blended model. This improvement can likely be at-

tributed to the initial high performance of the HMETS model used in seeding. In

catchment 8, the blended model with random seeding appears to generally outper-

form HMETS and perform similarly to the blendedHMETS model. In catchment 11, the

calibration NSE score of the blended model is generally slightly better than that of

the HMETS model, which is not the case in catchments 1 and 8. In validation, the

blendedHMETS model tends to have higher NSE scores than the blended model, and

both have higher validation NSE scores than the HMETS model.

The average improvement in the NSE score for the blendedHMETS model relative

to the blended model across all catchments and iterations is found to be 0.034. This

indicates a marginal improvement in the calibrated NSE scores of the blended model

structure when seeded with the HMETS model, on average, but likely not one that

is su�ciently high to consider the blendedHMETS model a better model overall. Based

on the calibration scores alone, the blendedHMETS model improvement also appears

conditional on the initial NSE scoring and suitability of the HMETS model to the

given catchment. FromSection 3.3.2 , the experiment provides some evidence that

the HMETS evapotranspiration algorithm may not be ideal for catchment 11. In this

case, the blended model tends to have a higher calibration NSE score overall than

the seeded blendedHMETS model, suggesting that seeding the blended model with a
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calibrated initial solution may limit the ability to explore other model structures with

the DDS algorithm. In the other catchments where the calibrated HMETS model has

a higher calibration NSE score than the blended model initially, further calibration of

the model as a blended structure continues to yield a higher scoring model than the

randomly seeded blended model.

The validation NSE scores indicate a similar relative di�erence in model perfor-

mance between catchments 1, 8, and 11, where the blended model has a lower vali-

dation NSE score than the blendedHMETS model in catchment 1, has a slightly better

validation score than the blendedHMETS model in catchment 11, and has more mixed

results in catchments 8. The overall worse NSE scores in validation than calibration

are also noted, particularly in catchment 11.

The results overall indicate that the seeding of the blended model with a well-

performing model, such as HMETS, conditionally improves the �nal NSE scores of the

blended model relative to the use of random initial values. In cases where the HMETS

model has a high calibration NSE score in the given catchment and the HMETS algo-

rithms are well-suited to the representation of hydrologic process (such as catchment

1), the initial seeding leads to a marked improvement over the blended model NSE

scores, and a smaller but still considerable improvement over the HMETS model NSE

scores. In catchments where one or more HMETS process algorithms may not be well-

suited to the catchment, such as in catchment 11, the blended model with random

values scores similarly well or higher than the blendedHMETS model, even though the
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blendedHMETS model can be considered to have twice the computational budget used

in its calibration (once for the calibration of the HMETS model, and again for the

blendedHMETS model). It is noted that this appears to occur even with the use of the

DDS algorithm, which is designed to search for global solutions e�ciently (Tolson and

Shoemaker, 2007).

3.3.4 General Discussion

The BMSC method shows the potential for informing the selection of preferred process

algorithms and model structures through the explicit calibration of continuous model

structure during the calibration process. This method is clearly less computation-

ally expensive than a comparable brute force approach which enumerates all plausible

model structures for evaluation and selection. In practice, thea priori knowledge of

an experienced hydrologist may inform the selection of the model structure and reduce

the burden in enumerating hundreds of model structures. However, a key bene�t of

the BMSC approach is that the blended model may identify and inform the selection

of this `optimal' model structure with relatively minimal e�ort. The experience of the

hydrologist can be focused on deciding which groups of process algorithms would be

best to include in the blended model structure, without the need to explicitly deter-

mine a priori which combination of these algorithms is the optimal one. The typical

model-building and calibration tasks requiring the hydrologist's attention, including

model discretization, providing data inputs, determining the calibration budget and
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performance metrics, are still included in the blended model-building process.

The current BMSC method addresses some of the e�ciency issues in the mixed-

integer AMSI approach introduced bySpieler et al.(2020) in which inactive parameters

are still calibrated, by making all parameters active in the calibration. However, an

ine�ciency in this approach still exists in terms of the calibration budget expended

by calibrating the less active parameters; for example, when the blended model weighs

a particular process to nearly zero, the parameters tied to that speci�c algorithm

with near zero in
uence on the model performance are still considered `active' in the

calibration. The results herein indicate that the current con�guration is capable of

achieving a `good' performance, but with convergence on a solution possibly requiring

more than 10 000 iterations to fully converge in some catchments using DDS. This

suggests that a more e�cient calibration method may be desirable for calibrating the

blended model.

One limitation of this study is the use of the single integrated NSE metric. The

NSE provides some indication of the model performance but marginal di�erences in the

NSE metric are insu�cient to inform the overall relative performances of the models

(Gupta et al., 2008). The consistent use of the NSE metric for all models in this study

is considered su�cient for the purpose of this study, which is to present the BMSC

method as providing, at a minimum, comparable model performances to related �xed

model structures. However, additional metrics in the calibration and description of the

models must be used to discriminate between models with a high degree of equi�nality
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if a `best' model is to be selected, and multiple metrics (such as hydrologic signatures)

are recommended for an operational or scienti�c deployment of the BMSC method. The

technique used here, however, is readily extended to other forms of objective function.

Another limitation in this study, and direction for future studies, lies in the deter-

mination of the appropriate number and types of process algorithms to be included

in a given group of process algorithms (as discussed in Section 3.3.2). In this study

we use two or three algorithmic options within several process groups. However, addi-

tional e�ort in determining the correct number of process algorithms with su�ciently

varying performances to maximize the robustness of the blended model structure to

various catchments would improve the BMSC performance in future applications. We

expect that the BMSC will be most robust when seeded with process algorithms that

are su�ciently independent and cover a large range of model structure space. Recon-

ciling the blending of highly conceptual process algorithms with more physically-based

algorithms may also provide a direction for future work.

While the blended model structure is applied to lumped representations of catch-

ments in this study, the same set of process groupings can be directly applied in a

distributed context, where the parameters associated with each algorithm may vary by

soil class, land use class, etc. The 
ux for each grouped process would be calculated

in the same manner but done so within each HRU, where the 
ux within the HRU is

now a function of the parameters associated with the properties of the given HRU. The

individual 
uxes for a given algorithm will therefore vary within each HRU based on
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the algorithmic parameters provided, but the same weight-generating parameters may

be used to blend these 
uxes, and no additional weight-generating parameters would

need to be introduced to the model. A similar set of analyses to assess model perfor-

mance and identify dominant model structures could be done in a distributed context,

since the parameter values of non- weight-generating parameters were not considered.

Additional data to justify the use of distributed modelling may also help to constrain

the optimization of weight-generating parameters (e.g., snow depth measurements at

key locations may improve the identi�ability of snow balance process algorithms).

3.4 Conclusions

The simultaneous calibration of hydrologic model structures and parameters is a new

strategy in hydrologic modelling (Spieler et al., 2020), and is advanced in this study

with the introduction of the Blended Model Structure Calibration (BMSC) method,

which continuously samples model space between discrete model structures. The

BMSC method is shown to provide robust calibration NSE performances across twelve

of the MOPEX catchments. The blended model structure calibration results are overall

better in comparison to 108 �xed and individually calibrated model structures and their

averaged output. The �xed structures represent all possible permutations of model

structures within the set of process algorithms included in this study. The blended

model structure is ranked as the top performing model structure based on the NSE

performance after calibration when examining average ranks across the twelve catch-
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ments and twenty independent trials performed. The ability of the BMSC to identify

preferred process algorithms was also shown through the selection of weight-generating

parameters in the calibration process, and generally identi�es similar preferred model

structures as are found via evaluation of all �xed model structures, while using a sig-

ni�cant fraction of the computational cost.

The BMSC method continues along this paradigm shift in the model-building pro-

cess, as the feedback of information from the calibration process informs the selection

of the model structure. This is a distinct change from building a conceptual model

and selecting the process algorithmsa priori . The BMSC formulation builds on the

work by Spieler et al.(2020) by enabling modellers to calibrate model structure using

the same continuous-variable optimization algorithms that have historically been ap-

plied for hydrologic model calibration. It is anticipated that the BMSC method will

prove useful for undertaking scienti�c studies to understand the role of model structure

in describing watershed hydrological function, and for improving the performance of

hydrologic models for operational usage.
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Chapter 4

Optimizing a general hydrologic

model structure

Statement of Contribution

The following chapter is written based on the following article (Chlumsky et al., 2024a):

Chlumsky, R. , Mai, J., Craig, J. R., and Tolson, B. A. (2024): Advancement of

a Blended Hydrologic Model for Robust Model Performance. Journal of Hydrologic

Engineering, 29 (5), 04024,033.

doi:https://ascelibrary.org/doi/10.1061/JHYEFF.HEENG-6246.

This chapter presents a modelling study in which the blended model structure

is experimented with by altering the algorithms and process options, including new

blended forcing groups. This chapter presents the development of version 2 of the
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blended model structure. In this chapter, Robert Chlumsky designed the modelling

experiment, wrote the code to e�ciently carry out the experiment, analyzed the results

and prepared the chapter including handling of revisions during the review process.

Drs. Mai, Craig, and Tolson previously published the blended model structure deployed

in this study (Mai et al., 2020), were co-authors on the preceding work byChlumsky

et al. (2021), and contributed to the interpretation of results and revisions of this

chapter.
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4.1 Introduction

Hydrologic models have been useful tools in the hands of hydrologists for many decades.

The exponential increase in computational power available to researchers and practi-

tioners is partially responsible for the rapid development of hydrologic models, where

discussion around the `plethora of hydrologic models' (Clark et al., 2011) and the ex-

istence of too many hydrologic models (Horton et al., 2021) have been noted in more

recent literature. Weiler and Beven(2015) advocate for the development of a so-called

Community Hydrologic Model, which would have enough 
exibility to o�set the in-

creasing number of new hydrologic models being developed. Such a model could be

applied at di�erent scales and for di�erent watersheds without a need for developing

new models. The hydrologic modelling community is still largely in search of a model

that successfully ful�lls this purpose, though for many researchers the focus is now on

understanding when and where to deploy particular models instead of creating a single

Community model.

Despite this, the number of models being developed and used in studies is increas-

ing. Nearing et al. (2021) state that the reason for the relatively unsuccessful e�orts to

nonetheless �nd scale-relevant theories in hydrologic models is simply that the hydrol-

ogy community has failed to �nd them. Nearing et al. (2021) argue that the ability

of deep-learning models to capture complex relationships in catchments, and to pro-

vide better daily stream
ow predictions in ungauged basins than traditional hydrologic
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models do in gauged basins demonstrates that these relationships can be found, but

have not been discovered through traditional modelling e�orts. The traditional belief

that overparameterizing a model leads to poor validation performance also does not

appear to be the case with deep-learning models (e.g., seeMai et al., 2022a)), which

tend to have orders of magnitude more parameters than process-based hydrologic mod-

els. Additional work in the machine-learning community is being done to improve the

realism of machine-learning and deep-learning based models, such as the inclusion of

mass-balance constraints on models (Frame et al., 2023), addressing a common criti-

cism of machine-learning approaches. The relatively successful e�orts of deep-learning

models in hydrology (Nearing et al., 2021;Nevo et al., 2022;Frame et al., 2022;Lees

et al., 2022;Klotz et al., 2022;Arsenault et al., 2023) leave the process-based modelling

community with a fundamental question of how process-based models can be made to

capture complex stream
ow signals, as demonstrated with deep-learning models. The

recent success of machine-learning and deep-learning models relative to process-based

or conceptual models in controlled intercomparison studies (e.g.,Mai et al., 2022a))

further encourages hydrologists pushing for process-based approaches to confront the

degraded predictive accuracy of their models. Recent studies have sought to under-

stand the success of deep-learning models, and the connection to process-based models

(e.g., Kratzert et al., 2019b;Frame et al., 2023)).

Here, we argue that the recently introduced blended model approach (Mai et al.,

2020) may serve to provide some answers to these important questions in process-based
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hydrologic modelling, as both a plausible basis for the Community Hydrologic Model

and as a substantial step forward in process-based hydrologic model development. A

blended model is one that uses multiple process options to determine the 
ux of a hy-

drologic process (e.g., in�ltration) within each time step of the model; model weights

can be adjusted through calibration or other exercise, which e�ectively provides the


exibility in the model to change its structure without a need for separate model codes

or setups. This is a feature that may allow a well-constructed blended model con�gu-

ration to serve as a form of generalized model applicable to di�erent scales and catch-

ments. This characteristic of blended models also allows them to not only maintain

a relatively high performance across a range of catchments, but inform the selection

of preferred structural options, and do so with a fraction of the computational cost

relative to the more common approach of running multi-model ensembles, as demon-

strated in Chlumsky et al.(2021). The additional complexity of process representation

introduced by the blended modelling approach, while maintaining the important fea-

tures of process-based models such as mass conservation and physical interpretation of

state variables, is a feature that we suggest may allow for the successful representation

of complex watershed dynamics that are seemingly captured by deep-learning models.

In the recent Great Lake Runo� Intercomparison Project (GRIP) over the Great Lakes

watershed (i.e., GRIP-GL), the original blended model ofMai et al. (2020) was one of

the most successful among process-based models in a comparison against the dominant

deep-learning model (Mai et al., 2022a).
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In this study, we iterate upon the original blended model introduced byMai et al.

(2020) and employed byChlumsky et al.(2021), Mai et al. (2022b), andMai et al.

(2022a) with the goal of producing a generally improved blended model. This goal is

distinct from building an optimal model for a single application and catchment; instead

we aim to design a blended structure that can be robust across many applications and

catchments. Since the original blended model con�guration has been adjusted since

these initial deployments, we anticipate that iterative experiments to its structure and

process equations may yield some overall improvements. The process undertaken in

developing a new con�guration for the blended model is also discussed in this work,

and may be useful in future development of blended models.

The main objectives of this study are to (1) test additional blended model con�gu-

rations, (2) improve upon the original blended model by creating a new blended model

version that is tested in multiple catchments, and (3) validate the updated blended

model version with additional catchments not used in objective (2) to demonstrate its

improvement.

The remaining sections are organized as follows. The methods (Section 4.2) is

organized into several sections that discuss the blended model background, the iteration

on model con�gurations, and the eventual selection and validation of a preferred model

con�guration. Results and Discussion (Section 4.3) are presented in parallel, presenting

the results associated with each method described along with accompanying discussion

of those results. Concluding points are presented in Section 4.4.
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4.2 Methods

The following methodology sections are organized as follows.Section 4.2.1 introduces

the blended modelling approach and provides the necessary background on the original

blended model. Section 4.2.2 discusses the iterative development and evaluation of

candidate blended model con�gurations. Section 4.2.3 examines the methodology

undertaken to assess model over�tting, and ensure that additional model parameters do

not decrease the performance of blended model con�gurations in validation.Section

4.2.4 discusses the selection process for a new version of the blended model from the set

of plausible blended model con�gurations. Finally,Section 4.2.5 describes the process

to validate the new blended model version with a set of catchments independent from

the development and selection of the new blended model version.

4.2.1 Blended hydrologic model

The concept of a blended model was introduced byMai et al. (2020), and provides a

method to include multiple process options for use in calculating hydrologic process


uxes within a single model simulation. A given blended model con�guration de�nes

all model state variables, processes and process options that can be simulated. The

original blended model con�guration included �ve process `groups': in�ltration, quick-


ow, base
ow, evapotranspiration, and snow balance. Within each process groupG,

the process 
ux (e.g., in�ltration rate) for that process at a given timestept, f G(t), is
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calculated as a weighted average of the model output ofNPG process options. Mathe-

matically, this may be expressed for any given process group as:

f G(t) =
NP GX

i =1

wGi f Gi (t) (4.1)

wheref Gi (t) is the process 
ux f (typically in mm/d) simulated for time step t by the

i th process algorithm within the groupG, and wGi is the weight associated with thei th

process algorithm within the groupG (here, weights are time-invariant). Parameters

associated with two or more process algorithms may be shared in the blended model.

For example, if process algorithm 1 within a given groupGis of the formf G1 = k1� S and

process algorithm 2 is of the formf G1 = k2 � Sn , wherek1, k2, and n are parameters and

S is a state variable, then the blended model may be con�gured use a single parameter

k1 (i.e., k1 = k2) in order to reduce the number of parameters in the model.

This blending approach is implemented in the Raven hydrologic modelling frame-

work (Craig et al., 2020), and can be extended to hydrologic process where multiple

process algorithms are available. Raven is an open-source, object-oriented software

framework with more than 100 process algorithms encoded, which allows for a large

selection in building both blended model con�gurations and 
exible model structures

more generally. Two key design principles for the Raven software include e�cient run-

time and model 
exibility, making it an ideal choice for this type of research where

the model must be continually modi�ed and run millions of times. The Raven Hydro-

logic Modelling Framework v3.8 is available publicly athttp://raven.uwaterloo.ca/

Downloads.html
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In Raven, the weights for each process group may be supplied in one of two ways;

either directly as weights that sum to unity, or they may be supplied asNPG � 1 in-

dependent numbers each distributed uniformly between 0 and 1, i.e., so-called weight-

generating parameters. If supplied in the latter way, these weight-generating parame-

ters are transformed within Raven using the so-called \pie share" method (Mai et al.,

2022c) of generating random numbers summing up to unity while making sure the

random variables are independent and identically distributed. This approach of de-

termining weights also allows the weights to be sampled independently, since the con-

straint of summing to unity is met as part of the transformation of theseNPG � 1

weight-generating parameters toNPG weights.

The blended approach respects the water balance, since all weighted 
uxes are

limited by water availability within the relevant storage units, which is the same han-

dling as non-blended 
uxes. A blended model is also consistent with the structure

of other process-based and conceptual hydrologic models with respect to tracking of

state variables, such as soil moisture. This approach is therefore distinguished from

machine-learning approaches in which these characteristics typically do not hold. In

cases where a blended process group is used to estimate the 
ux of a hydrologic process

in a model, this should simply be viewed as another type of algorithm used to estimate

that 
ux (albeit a more complicated one), but otherwise equivalent to swapping the

equation of choice for a given process.

Theoretically, blended models allow for the exploration of model space that is not
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available when only discrete process options are used in 
exible modelling frameworks.

Here, we de�ne model space as the set of possible solutions for a given hydrologic model

con�guration(s) to achieve. The blended model allows a single model con�guration to

encapsulate the model space that was previously only possible with an ensemble of

varying model structures. This model space is expanded further by the continuous

weighting of process options that allows model structure to be expressed as a contin-

uum of plausible options, rather than discrete points represented by separate model

structures (e.g.,Spieler et al., 2020)). If we imagine that optimal model solutions may

exist within this continuum, rather than precisely at a speci�c model structure de-

�ned by discrete options (as would be the case in an ensemble), then it becomes easy

to imagine why the blended model structure generally performs better than individ-

ual discrete model structures, as was found inChlumsky et al.(2021) andMai et al.

(2022a). While the exploration of model space is still limited by the practical limits

of numerical algorithms, as well as the selected process options in a given hydrologic

model, the blended approach allows for an e�cient exploration of a much larger model

space than traditional hydrologic models.

4.2.2 Blended model development and performance evaluation

This study deploys a blended model with various selections of process algorithms and

model structure changes in over 30 model con�gurations, with up to seven blended

process groups used in any given model con�guration. Here, we de�ne a model con�gu-
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ration as a speci�c blended model implementation with a unique selection of hydrologic

process algorithms, including those within each blended process group. A new model

con�guration may be made by changing the set of algorithms within a blended process

group, adding or removing a process group entirely, or by adjusting the non-blended

process algorithms. In the model development phase, blended model con�gurations are

tested in calibration mode using the 12 catchments from the second and third workshop

of the Model Parameter Estimation Experiment (MOPEX) (Duan et al., 2006). These

12 catchments cover the southeastern portion of the United States, and were selected

because they represent a relatively diverse range of hydrologic conditions, making them

suitable for testing a given blended model con�guration for robustness across various

conditions. More information on these catchments is provided in Section 4.2.5.

In each calibration, a blended model con�guration is run with a daily timestep and

calibrated using the Dynamically Dimensioned Search (DDS) algorithm (Tolson and

Shoemaker, 2007), as implemented in the Ostrich calibration toolbox (Matott , 2017).

DDS is applied with a calibration budget of 10 000 iterations with a two year warm

up period followed by a calibration period of 12 years from 1972 to 1983. In each

calibration, the traditional model parameters associated with each process algorithm

as well as the weight-generating parameters are calibrated together. The Kling-Gupta

E�ciency (KGE) metric ( Gupta et al., 2009) is used as the objective function, which

is calculated as:
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KGE = 1 �
q

(r � 1)2 + ( � � 1)2 + ( � � 1)2

r =
covso

� s� o

� = � s=� o

� = � s=� o

(4.2)

where r is the linear correlation coe�cient between xs and xo, � is a measure of

relative variability, � is a ratio of mean simulated and observed values,covso is the

covariance between simulated and observed values,� s and � o are the standard deviation

of simulated and observed values, respectively, and� s and � o are the mean of the

simulated and observed values, respectively.

The temporal validation scores are then calculated for the six year period of 1984-

1989. Each calibration was performed in all 12 MOPEX catchments independently and

repeated with 20 independent calibration trials for each deployment of a blended model

to account for the variable performance of the optimization algorithm. The calibration

and validation setup is consistent with the approach used inChlumsky et al.(2021),

with the exception of using KGE here rather than NSE as the calibration objective

function. The KGE metric was selected over the Nash Sutcli�e E�ciency (NSE) metric

as the KGE is considered to be a better indication of overall model �t with a more

balanced evaluation of high and low 
ows, with some studies suggesting that KGE may

be a better choice even for high 
ows than NSE (Mizukami et al., 2019). The NSE

metric is de�ned in Gupta et al. (2009) as:

NSE = 1 �
P n

t=1 (xs;t � xo;t)2

P n
t=1 (xo;t � � o)2

(4.3)

99



wheren is the total number of time steps,xs;t is the simulated model value at timet,

xo;t is the observed value at timet, and � o is the mean of the observed values.

This study adopts a comparative and empirical strategy to inform model develop-

ment. This approach compares all subsequent blended model con�gurations against

previous ones, including the original blended model con�guration, to check for im-

proved performance. This type of empirical model development is di�erent from a

more traditional approach of model development via prior perceptions of dominant

hydrologic processes, and has been used in the development of conceptual hydrologic

models such as GR4J (Perrin et al., 2003).

With the analysis of each successive blended model con�guration, the primary ap-

proaches to examining the empirical results includes the use of box and whisker plots

of calibration and validation performance, both in individual catchments and across all

catchments. The median and maximum KGE performance is visually examined and

compared between model con�gurations. The weight distributions of process options

within each process group (such as Figure 5 inChlumsky et al.(2021)), are also ex-

amined within a model con�guration to determine if a given process option is a) not

being selected within a given catchment, or b) not being selected in any catchments.

Process options with low weights across the 20 independent trials and across all catch-

ments (scenario b)) indicate that the process option is not a valuable contribution to

the process group and therefore the given blended model con�guration overall; these

process options are replaced in a subsequent model con�guration with others. While
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a process algorithm may be removed in this experiment, this does not indicate that

the algorithm itself is not useful in other model con�gurations, simply that it may

not be useful in the particular model con�guration; this may be due to duplication

of the algorithm's function within a process group by a similar algorithm. In some

model con�gurations, where more than one process algorithm had a low weight across

catchments, more than one algorithm was replaced in the subsequent con�guration

for expediency and reduction of total model evaluations, as each model con�guration

required 2:4 million model evaluations in this experimental setup.

The model development process involved (a) the adjustment of selected process

equations (Section 4.2.2), (b) addition of new blended process groups (Section 4.2.2),

(c) testing of the so-called conglomerate model, (d) changes to the non-blended part of

the model structure (Section 4.2.2), and (d) the reduction of complexity by removing

process equations with marginal contribution to performance (Section 4.2.2). These

speci�c developments are discussed in the following subsections. The speci�c algo-

rithms included in process groups for each blended model con�guration is provided in

Table7.4 .

Adjustment of selected process equations

Within each blended process group exist two or more process options. Iterating on

various combinations and numbers of process options from the ones available within

Raven is part of the model development process to empirically �nd options within a

101



process group where the overall model performance is improved, and all of the options

within the process group are selected as preferable (indicated with calibrated process

weights) in at least some of the tested catchments. An initial modi�cation to the

original blended model is the selection of new process options within each blended

group based on the expert consideration of the authors that would perhaps improve

model robustness and overall performance. The options adjusted by expert opinion

may be viewed for model con�guration 3 inTable 7.4 . In cases where process options

of a similar form or function exist (i.e., mathematical formulation, dependent state

variables, etc.) within the same process group, one of the options may be replaced

and this new con�guration tested empirically to determine if a functionally di�erent

process option enhances the blended model con�guration. The original blended model

con�guration selected options that worked well based on variations from the HMETS

model (Martel et al., 2017) rather than options that would ful�ll the goals of this study.

Introducing blended forcing groups

The potential melt (POTMELT) and potential evapotranspiration (PET) estimators

were both revised from their original (single) algorithm to blend two or more algo-

rithms. Potential melt (mm/d) is de�ned as the maximum uncorrected snowmelt rate

if snow is present, a surrogate for energy availability at the snow or land surface. Blend-

ing forcings in addition to hydrologic 
uxes is a recent feature implemented in Raven

and a contribution of this work, as this option was not available when developing the
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initial version of the blended model. The potential melt and potential evapotranspi-

ration forcings are estimated in Raven using precipitation and temperature data. The

blending of potential melt and potential evapotranspiration follows the same form as

other blended groups, i.e., as a weighted average of two or more process options. As

long as algorithms are used to provide modelled estimates of the same units (e.g., PET

and POTMELT both in mm/d), then these estimates may be combined as part of the

same blended forcing group. These two forcings (PET and POTMELT) were selected

for blending in this study because 1) they were considered the most in
uential esti-

mated forcings within the hydrologic model, and 2) they had many options in Raven

to experiment with. However, the same approach could be applied to other forcings in

future versions, such as radiation estimation.

Conglomerate model

A so-called conglomerate model (model con�guration 24) is tested and calibrated in

the 12 MOPEX catchments with the same calibration budget of 10,000 runs. This

conglomerate model is special in that it includes all process groups and process op-

tions tested in prior model con�gurations, includes 4 or more options in each process

group with a total of 79 parameters. The second-largest model in terms of number

of parameters has 59 parameters (model con�guration 10). This model con�guration

is constructed to test whether the maximization of the number of process options in-

cluded in the blended model con�guration is advantageous relative to more carefully
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curated model con�gurations; the process algorithms included within each blended

process group are summarized inTable 7.4 .

Non-blended structural changes

In addition to iterating on the blended process groups, non-blended changes in the

model structure are tested in the model con�gurations. Model con�guration 3 adds

depression storage to the model, allowing for water to be stored on the landscape in

depression storage and seep into soil storage. Later model con�gurations (34-37) add a

set of canopy processes, including canopy interception, storage, drip and evaporation;

the selection of non-blended (i.e. singular) process options for these are iterated on with

di�erent model con�guration. The leaf area index (LAI) ratio is also allowed to vary

seasonally in these model con�gurations (34-37) by introducing calibration parameters

that modify the seasonal LAI input to the Raven model, allowing for either seasonal

peaks in LAI during July and August or a 
atter LAI ratio year-round as a function of

new calibration parameters. Finally, processes are introduced in model con�guration

34 that allowed the upward movement of water between soil layers, including from the

third soil layer that was previously treated as a sink for deep groundwater. These were

added as non-blended processes because it was considered to be of limited value added

through blending due to the similarity of and/or limited number of algorithms for each

type of process, though this may be tested in future studies especially as the process

library in Raven grows for these processes.
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Reduction in complexity

Attempts are made between the model con�guration iterations to reduce the com-

plexity (i.e., the number of process groups, process algorithms in each group, and the

total number of parameters including weight-generating parameters) of a given blended

model con�guration by reducing the number of process options in one or more process

group. While checks are made in the model methodology for over�tting (see Sec-

tion 4.2.3), instances where the model complexity can be reduced by removing one or

more options (and parameters) from the model without a reduction in performance in

both calibration or validation across the 12 tested MOPEX catchments is generally re-

garded as a bene�t. A guiding principle here is to ensure that any added complexity is

improving the model performance, since it is later known from the conglomerate model

test described inSection 4.2.2 that including all possible options without such checks

leads to a reduced model performance. This strategy of reducing model complexity

was employed throughout the model development stages where possible.

4.2.3 Model over�tting

One of the assumptions made and checked in this study is that increasing the complex-

ity in a blended model con�guration is not a concern as far as model performance is

considered. With a �xed calibration budget, it would be expected that at some point,

increasing model complexity will result in a lack of convergence in calibration.
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In order to more formally test this assumption, the model performance in validation

for each blended model con�guration (except for the conglomerate model) is checked

against the number of parameters in each model con�guration in a simple regression

exercise. This is done across all model con�gurations and MOPEX catchments, and

repeated within each of the 12 MOPEX catchments individually. In each case, a regres-

sion slope signi�cantly less than zero would indicate a negative relationship between

model performance in validation and the number of parameters, suggesting that more

model parameters does reduce validation performance and model over�tting is an issue.

This analysis is repeated using the validation gap (the change in performance between

calibration and validation, de�ned in Section 4.2.4 ) instead of the validation KGE

for both pooled results and individual MOPEX catchments. When the validation gap

is used, a statistically signi�cant positive slope would indicate that the discrepancy be-

tween the calibrated KGE score and its associated validation KGE score is increasing

as more parameters are added.

4.2.4 Selection of a preferred blended model con�guration

Following the development of over 30 model con�gurations, a single model con�gura-

tion needs to be selected from the set of plausible candidates. While the KGE metric

averaged over multiple independent trials and catchments is used to guide the develop-

ment of model con�gurations, minute discrepancies in this metric may not be the most

informative when picking from similarly performing model candidates (i.e., a mean
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KGE of 0.865 may not be a better candidate model than one with a mean KGE of

0.864).

To aid in the evaluation of these numerous model con�gurations, additional metrics

are used. The �rst is the di�erence between the maximum calibration KGE and the

median calibration KGE for a given model con�guration and catchment, then averaged

across each of the 12 catchments. This metric is termed `calibration consistency', with

an ideal value of zero indicating complete consistency between the maximum and me-

dian calibration performance. Second is the maximum calibration KGE score minus

the validation KGE score of the same trial, again averaged across 12 catchments. This

is termed `validation gap', and represents the drop in performance from calibration to

validation. An ideal value would realistically be zero, indicating no drop in performance

between calibration and validation, though the validation performance could also the-

oretically be greater, resulting in negative values. Third, the maximum calibration

KGE performance, averaged across 12 catchments is used. Finally, the averaged vali-

dation KGE of 20 independent trials within a given catchment, then averaged across

catchments is used. These last two metrics are simpler performance metrics relating

to calibration and validation performance, respectively.

These four metrics (calibration consistency, validation gap, max calibration KGE,

and mean validation KGE) are plotted in a set of two plots, which are used to discrim-

inate between multiple high-performing model con�gurations. The pareto principle is

applied in each case to determine which models outperform others on the plotted met-
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rics, where a model that is better on both plotted axes can be considered to `dominate'

the performance of another model. The non-dominated models in these plots, i.e. the

models that are better than any other model on at least one of the two plotted metrics,

become part of the reduced set of candidate model con�gurations to be selected. The

model con�guration selected in this way becomes a new version of the blended model,

referred to as version 2 of the blended model herein.

4.2.5 Validation of the selected blended model

The original blended model introduced byMai et al. (2020) (model con�guration 0 in

this study) and the new blended model selected from plausible model con�gurations in

this study (model con�guration 36, now version 2) are evaluated with an independent

set of 24 additional catchments, which are randomly selected from a subset of the

HYSETS catchments (Arsenault et al., 2020). This is considered a form of spatial

validation, as these catchments were not used in the development or selection of the new

blended model version 2. These 24 independent catchments were selected randomly

from the set of catchments calibrated byMai et al. (2022b), with the criteria that

they were 1) also located in the United States, 2) had a total catchment area within

range of the MOPEX catchments, and 3) had stream
ow observations available within

the calibration and validation periods selected previously for this study. In addition,

the model performance results are evaluated for their statistical signi�cance using the

Mann-Whitney U test, a non-parametric test of the central tendency of two sets of
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Figure 4.1 Map of the 12 MOPEX catchments and 24 additional independent catchments
located in the continental United States. Captions indicate the state abbreviation and

catchment index (i.e., 1 to 36).

sample data (Hollander and Wolfe, 1973). The map of the 12 MOPEX and the 24

independent catchments is provided inFigure 4.1 . Additional information on the

MOPEX and independent catchments is provided inTable 7.3 , and characteristics of

the 12 MOPEX catchments can also be found inDuan et al. (2006).

The evaluation of the two model versions (initial and �nal) is done by calibrating

both model versions with the same setup as the original experiment, i.e., using DDS

with a KGE objective function, the same warm-up and evaluation periods, and with
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20 independent trials of each calibration in each of the 24 additional independent

catchments. These results can then be viewed to compare the two model versions

directly in terms of calibration and validation performance.

4.3 Results and Discussion

The following results and discussion sections are organized as follows.Section 4.3.1

presents a summary of the developments in each blended model con�guration and

initial performance results.Section 4.3.2 presents the statistical analysis undertaken

to assess model over�tting.Section 4.3.3 presents the selection process to determine

version 2 of the blended model from the set of blended model con�gurations. Finally,

Section 4.3.4 describes the process to validate the blended model version 2 with a set

of additional independent catchments.

4.3.1 Blended model version development and performance

evaluation

The model development began with the initial blended model version, as published in

Mai et al. (2020), which is referred here to as model con�guration 0. The key develop-

ments by model con�guration are summarized below, and are discussed in more detail

in this section. Model con�gurations not listed below (25-28, 31-32) were used for the

purposes of testing di�erent weight-generation schemes in calibration (i.e. alternatives
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to the weight-generating parameter setup described inSection 4.2.1 ), and did not

contribute to an improved blended model version, and are therefore omitted from the

results. A complete listing of the process options in each model con�guration is pro-

vided in Table 7.4 . Further descriptions of the process options in Raven may found

in the Raven User's Manual v3.8 (Raven Development Team, 2024).

1. Model con�guration 0: original model version fromMai et al. (2020);

2. Model con�guration 1: model con�guration 0 but with PET estimation from

provided data (PET DATA) rather than PET OUDIN;

3. Model con�guration 2: model con�guration 1 but with an update to blended

process options in process groups AET, base
ow, in�ltration, quick
ow, and

snowbalance based on expert consideration;

4. Model con�guration 3-5: sequential addition of depression storage & seepage to

model con�guration 2, followed by adjustments to other process options;

5. Model con�guration 6-23: introduction of blended forcings process groups PET

and potential melt, followed by iteration of process options;

6. Model con�guration 24: testing of the conglomerate model con�guration;

7. Model con�guration 29-30, 33: experiments in reducing model complexity, par-

ticularly in the in�ltration and snowbalance process groups;
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8. Model con�guration 34-37: addition of non-blended processes (including canopy

processes), and additional complexity reduction experiments in the base
ow, po-

tential melt, and quick
ow process groups.

As expected with the nature of this type of empirical model development process,

the calibration performances improve with successive model con�gurations, particu-

larly in the initial con�gurations. The mean calibration KGE across catchments, i.e.

the average of all 20 independent trials and 12 catchments, improved from 0.836 in

the original blended version (model con�guration 0) to 0.896 in model con�guration

36, and the mean temporal validation KGE also improved from 0.728 to 0.799. The

conglomerate model calibration performance was generally reduced relative to other

model con�gurations (median calibration KGE reduced from 0.902 in model con�gura-

tion 23 to 0.876 in the conglomerate model con�guration 24). This reduction indicates

convergence issues with the conglomerate model under the �xed calibration budget,

and at a minimum suggests that the na•�ve inclusion of all (or many) plausible process

options for limited calibration budgets may not be an optimal strategy. The perfor-

mance of select model runs to summarize the changes with each stage of development

are shown inFigure 4.2 . The distribution of calibration performance results for se-

lect model con�gurations are provided inFigure 4.3 , with validation performance of

the maximum calibration performance trial plotted as a point when it falls within the

plotting bounds.

The results of Figure 4.3 show how the distribution in calibration performance

112



Figure 4.2 Model performance in calibration and validation by model con�guration. The
calibration KGE is the maximum KGE across 20 independent trials, and validation KGE is
the associated KGE in the validation period of that maximum trial, both averaged across

12 MOPEX catchments.

between model con�gurations changes, where the initial model con�guration 0 has rel-

atively wide bounds in the box plots, indicating a wide range of likely outcomes in

calibration, which holds true across most of the 12 MOPEX catchments. Similar re-

sults can be seen for model con�guration 24 (the conglomerate model), as well some

of the earlier model con�gurations. Overall, the width of the boxplots decreases with

subsequent model con�gurations, indicating that the variability of calibration perfor-

mance is decreased with iterative testing of model con�gurations. The results also show

some interesting di�erences between the catchments, including the validation gap (dif-

ference in the calibration and validation scores), the calibration consistency (width of

the calibration performance distributions), and the overall model performance between

catchments. For example, the calibration consistency is generally much greater in some
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Figure 4.3 Calibration performance box plots, generated from 20 independent trials of the
calibration for each model con�guration and MOPEX catchment, shown for select model
con�gurations. The orange diamonds indicate the validation performance of trial with the
maximum calibration performance within the 20 independent trials (when it falls within

plotting bounds).
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catchments (e.g., 2 and 10) than in others (e.g., 3 and 9). As another example, the

validation in MOPEX catchments 1 and 8 generally lag the calibration by a wider

margin than other catchments. A series of linear regressions of performance metrics

from model con�guration 36 onto catchment characteristics (including the ones inTa-

ble 7.3 ) for all 36 catchments were run to look for possible explanations of the observed

patterns. It was found that annual average precipitation and stream
ow had statisti-

cally signi�cant positive correlations with calibration and validation performance, and

signi�cant negative correlations with the validation gap. In simpler terms, catchments

that had more precipitation and had more stream
ow seemed to correlate to better

performance in both calibration and validation scores, and had a smaller di�erence in

the calibration and validation scores than catchments that received less precipitation

and has less stream
ow. No signi�cant correlations were found to explain the calibra-

tion consistency in catchments within the results for model con�guration 36. While no

formal test was done to examine calibration consistency changes with model con�gu-

ration, the calibration consistency generally seems to improve with subsequent model

con�gurations. It is noted that model con�guration 24 is the conglomerate model,

which had substantially more parameters than other models and also a much larger

variance in calibration and validation performance scores.

Additional metrics examining the di�erences between calibration and validation

period conditions (precipitation and observed stream
ow) were also extracted and re-

gressed to try to explain the validation gap between catchments, though no statistically
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signi�cant correlation was found. In catchment 1 this di�erence in likely explained by

the presence of a much larger 
ow event in the validation period than in the calibration

period, making it di�cult for the model to capture the magnitude of the unobserved

event in validation. However, this was speci�cally high in catchment 1, and no gen-

eral explanation was found for the variation based on calibration and validation period

metrics between catchments otherwise.

4.3.2 Model over�tting

In order to assess over�tting in the blended model con�gurations, a series of linear

regressions of validation performance against the number of model parameters were

performed in order to look for statistically signi�cant relationships. A linear regres-

sion was �rst applied to all model con�gurations and MOPEX catchments (save the

conglomerate model, con�guration 24), and second to individual MOPEX catchments.

The conglomerate model was not included as it was a known case where the model

was over�t from the performance results, and the goal of this analysis was to detect

this for the other model con�gurations where it was assumed that over�tting was not

occurring. The overall regression for all model con�gurations and catchments is shown

in Figure 4.4 , and the individual regressions are summarized inTable 7.7 .

Figure 4.4 shows that across all catchments and model con�gurations there is no

evidence of a linear relationship between validation KGE and the number of calibrated

parameters, with a slope that is approximately 0.00032. When the regression is ap-
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Figure 4.4 Validation KGE on the y-axis (obtained from the maximum calibration KGE
trial) plotted against the number of calibrated model parameters on the x-axis for 31 model
con�gurations and 12 MOPEX catchments. A regression line for this relationship is shown
in blue as a nearly 
at relationship (slope of 3:2E � 4 with a corresponding p-value of 0.757
for a null hypothesis of slope� 1 = 0), with a 95% con�dence interval shown in transparent

grey.
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plied to all individual catchments, no catchment had signi�cant evidence of a negative

correlation which would indicate a decrease in validation KGE with an increase in the

number of blended model parameters.

A similar analysis was repeated but using the validation gap (de�ned inSection

4.2.4) to detect decreases in relative validation performance with an increasing number

of parameters. When this linear regression was applied across all model con�gurations

and catchments, there was no evidence of a slope signi�cantly di�erent from zero

(p-value of 0.96). This regression was then applied in all catchments individually, and

these results are summarized inTable 7.8 . These results show that only one catchment

had a positive slope that was signi�cantly di�erent from zero (catchment 6 in Indiana,

p-value of 0.081). This indicates that there is an increase in the validation gap at the

10% signi�cance level, i.e. greater discrepancy between the calibration and validation

KGE, with an increasing number of parameters. However, the p-value shows this

�nding is not incredibly strong, and the 11 other catchments had either no evidence of

a slope signi�cantly di�erent from zero or had a negative slope (i.e., indicating that the

discrepancy between validation and calibration decreases with additional parameters).

Overall, there is little evidence that additional calibrated parameters in the blended

model con�gurations reduce the validation performance (absolute value or relative to

calibration) in this experimental setup. However, as indicated by the conglomerate

model, it seems likely that the validation KGE could degrade with an increase in the

number of parameters at some point beyond 59 parameters, the maximum number
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of parameters of model con�gurations in this regression. Similarly, a decrease in the

calibration budget used here of 10 000 runs could also eventually a�ect convergence in

calibration, likely degrading both the calibration and validation performance.

4.3.3 Selection of a preferred blended model con�guration

The sequential improvement of the overall model performance is shown inFigure 4.2 .

However, a `best' model would ideally be selected from this set of models, such that

practitioners may have a single preferred blended model structure to work with. This

task is made more di�cult by the models which appear to have a similar performance,

based on the mean calibration and validation KGE. This selection is therefore informed

here by additional metrics (described in Section 4.2.4) which are plotted inFigure

4.5. In both plots A and B, the ideal point is set in the bottom left corner of the plot.

For Figure 4.5A , this ideal point is located at [0; 0], and represents the point where

calibration consistency is equal zero, meaning that the maximum calibration KGE is

equal to the mean calibration KGE (i.e. all independent trials result in the same KGE

score), and the validation gap is also equal to zero, meaning that the validation KGE

is equal to the maximum calibration KGE. The validation KGE may theoretically be

greater than the calibration score, but a model is generally not expected to perform

better in validation than in calibration, and on average this assumption (calibration

scores better than validation scores) holds in this experiment. The dashed line in this

plot represents the Pareto front of non-dominated model con�gurations, i.e. model
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con�gurations that are not clearly inferior in performance on these axes to another

model con�guration (namely, model con�gurations 36, 37, 34, 29, and 30). InFigure

4.5B , this ideal point is located at [1; 1], where the mean of the maximum calibration

KGE and the mean validation KGE are both equal to the maximum KGE value of 1.0.

In Figure 4.5A , a Pareto front of tradeo�s in the calibration consistency and

the validation gap are generated, with model con�gurations 36, 37, 34, 29, and 30.

It is shown that model con�guration 0, the original blended model con�guration, is

dominated in this plot by all model con�gurations except two (model con�guration

1 and 8), indicating the successive improvement of the models through the iterative

process in this study.

In Figure 4.5B , only model con�guration 36 is considered non-dominated, and

model con�guration 36 is also on the Pareto front in plot A. Again, it is shown that

the original blended model (con�guration 0) is dominated by every other model con�g-

uration, for which it is perhaps unsurprising given the empirical approach to modifying

model con�gurations. The outcome here suggests that model con�guration 36 is pre-

ferred over all of the options tested herein for use as a future baseline blended model.

This outcome does not change if the metrics are rearranged between the two plots

of Figure 4.5 , though it is dependent on the setup of this study, such as the daily

timestep, lumped model discretization, and available daily forcing data, and the pre-

ferred blended model con�guration may change with di�erent model decisions in other

applications. The list of processes and process options for model con�guration 36 are
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Figure 4.5 A) Model con�gurations plotted based on the calibration consistency on the
y-axis against the validation gap on the x-axis, measured as the maximum KGE calibration

performance minus its associated validation performance, averaged across 12 MOEPX
catchments. The black dashed line shows the Pareto front of non-dominated model

con�gurations (from left to right, 36, 37, 34, 29, and 30). B) The mean of the maximum
calibration KGE performance plotted against the mean validation KGE performance,

averaged across 12 MOPEX catchments. Pareto points are plotted with larger shapes than
other data points.
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provided in Table 7.5 , and the parameter information for model con�guration 36 is

provided in Table 7.6 . Raven model �les are also available with the supporting data

for model con�guration 36 (see the Code and Data Availability section).

4.3.4 Validation of the selected blended model

The original and the newly selected blended model (model con�guration 36) were

calibrated on the independent set of 24 catchments as a form of spatial validation,

since these new catchments were not used in the development or �ne-tuning of either

blended model con�guration. The results for the two model versions in the independent

catchments are summarized graphically inFigure7.4 . The results are also analyzed

using the Mann-Whitney U test to determine the statistical signi�cance of di�erences

in the median performance of both blended model versions. These results are provided

in Table 7.10 .

The statistical test results show that at the 5% signi�cance level, there are 16/24

independent catchments where the calibration performance is signi�cantly improved,

and also 16/24 where the validation performance is signi�cantly improved. There are

2 catchments where calibration performance is signi�cantly greater in model con�gu-

ration 0 than 36, and 3 where the same is true for validation performance. Overall,

the selected model con�guration 36 performs better (signi�cant p-value with the me-

dian greater for model con�guration 36) or statistically similar (insigni�cant p-value,

i.e. greater than 0.05) to the original con�guration in 22/24 (92%) of the independent
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catchments for calibration performance, and 21/24 (88%) for validation performance.

This suggests a marked improvement in model performance in both calibration and

validation performance with the blended model version 2 over the initial version.

The mean di�erences for both calibration and validation for all 36 catchments are

provided in Table 7.10 . The average KGE improvement with the v2 model was

0.05 in calibration and 0.04 in validation, where this improvement exceeded 0.1 KGE

for 4 of the catchments in calibration. A regression of the mean di�erences against

hydrologic properties such as runo� ratio (Table 7.3 ) found a signi�cant negative

correlation (p-value < 0.05) between the mean calibration di�erence and the runo� ratio

(similarly a signi�cant positive correlation with the evaporation index), indicating that

the calibration score improvements were generally higher in drier catchments. This

suggests that performance in drier catchments was an area of improvement in the

original blended con�guration.

4.4 Conclusions

The blended model con�guration initially published in the literature has been shown

in several studies to have a high performance when deployed. However, this initial

con�guration and overall model structure was �xed. In this study, we explore many

blended model con�gurations and test their performance in the 12 MOPEX catchments

located within the continental United States. In addition to testing di�erent blended

process groups, we introduce two blended forcing groups for potential melt and poten-
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tial evapotranspiration, and we also introduce non-blended structural changes including

processes for depression storage and canopy interception.

Of the more than 30 alternate model con�gurations explored, one is found to have

a non-dominated performance upon examination of di�erent calibration and validation

metrics. This blended model con�guration was then compared to the original version

and evaluated against an additional 24 independent catchments within the continental

United States. The blended v2 model was found to have statistically improved or

indistinguishable performance in 92% of the independent catchments in calibration,

and 88% in validation. The improvement in calibration performance was found to be

statistically higher in drier catchments, suggesting this was an area of improvement in

the original blended model con�guration. We also tested for over�tting by performing

a series of regression analyses of model validation performance (both absolute and

relative to calibration performance) against the number of model parameters, and found

no evidence of a decrease in validation performance with additional model parameters

within the conditions of our calibration experiments.

This study provides several considerations for future development of blended model

con�gurations, including approaches for evaluating process options when designing a

blended model, new options for blended forcings, and strategies to reduce the com-

plexity of blended models. This study also delivers an improved blended model as

version 2, with a demonstrated increase in calibration and validation performance for

catchments in the continental United States. This blended model version provides

124



enough 
exibility to be robust across a range of various catchments without the need

for adjusting its structure beyond what is done in model calibration. This blended

structure should be of interest to practitioners, as the model structure is openly and

freely available, and has demonstrated high performance `out-of-the-box' in many cases

without a need to undergo the iteration on model structural options to achieve a good

�t in calibration for a particular catchment. The blended model version 2 may be

used in future applications where high model performance is required, and may also be

used in addressing scienti�c questions around the structural uncertainty and selection

of processes in hydrologic models.
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Chapter 5

Rapid Floodplain Mapping at

Larger Scales

Statement of Contribution

The following chapter is a partially modi�ed version of the following preprint article

(Chlumsky et al., 2024b):

Chlumsky, R. , Craig, J. R., and Tolson, B. A. (2024): A reach-integrated hy-

draulic modelling approach for large-scale and real-time inundation mapping. Geosci.

Model Development Discussions, 2024, 1-28,

doi:https://gmd.copernicus.org/preprints/gmd-2024-184/.

This chapter presents a novel hydraulic modelling and mapping approach, the

Geospatially Augmented Standard Step (GASS) method, which is designed for large
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scales and suitable for real-time deployment. The method is implemented in the soft-

ware package Blackbird and benchmarked against the HAND method and HEC-RAS

1D and 2D models. In this chapter, Robert Chlumsky wrote the Blackbird software

package, designed the benchmarking experiment, gathered input data and prepared

all models included in the experiment, performed the analysis of results and wrote the

chapter. Dr. Craig and Dr. Tolson contributed to conceptual discussions in develop-

ment of the Blackbird code, and provided their review and feedback on the chapter.

Brian Peng contributed to the development of C++ versions of the Blackbird code to

improve computational e�ciency.
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5.1 Introduction

Flooding is one of the most common and costly natural hazards, with expected trends

showing an increase in both exposure and vulnerability to 
ooding globally (e.g.,Bhups-

ingh et al., 2022;Aristizabal et al., 2023;Steinhausen et al., 2022). As an example, the

total residential 
ood risk in Canada is estimated to be$2.9 billion CAD per year by

Public Safety Canada (Bhupsingh et al., 2022), while the availability of 
ood maps in

high-risk Canadian communities is ranked as poor (Henstra et al., 2019). There is a

need to mitigate 
ood risk for both the protection of human lives but also against �-

nancial losses. While there are di�erent types of 
ooding (largely categorized as 
uvial,

pluvial, coastal, and minor system 
ooding including sewer backups), here we focus on

addressing 
uvial or riverine 
ooding (i.e., 
ooding that results from the overtopping

of river banks as the river's capacity is exceeded).

Tools for mitigating 
ood risk and estimating 
ood extent come in di�erent forms.

For example, satellite imagery can be used to derive near real-time or rapid 
ood

maps (e.g.,Tripathy and Malladi, 2022; Cian et al., 2018). These approaches are

based on comparing satellite imagery during 
ood events to dry events, and delineating


ooded areas based on the di�erences in imagery. The availability of social media and

other online information has also been exploited through machine-learning approaches

and data mining to help determine active 
ood locations (e.g.,Lin et al., 2023; Li

et al., 2018;Fohringer et al., 2015). While these techniques may be useful in obtaining
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near real-time conditions, they are not useful in prediction or simulation of future or

possible 
ood impacts, as they rely on the collection of data in the period during and

shortly after 
ooding occurs. In order to obtain simulations or forecasts of 
ooding,

particularly under conditions not observed in the historical record, numerical models

that can estimate future or hypothetical conditions are required.

Existing hydrodynamic models based on mass, energy and momentum conservation,

such as HEC-RAS (Hydrologic Engineering Center, 2023), have been used extensively

to develop 
ood maps. These typically involve a numerical solution to the shallow

water equations, either in one dimension (1D) or two dimensions (2D). The results

of 1D models can be imputed in space to create 
ood maps, though imputation is

frequently done with an external program (such as HEC-GeoRAS or external GIS

programs, (e.g.,Yang et al., 2006;Md Ali et al. , 2015;Hashim et al., 2021)) and issues

exist in the ease of generation and the interpretation of these results from 1D models

with cross-sections. These include the prediction of wetted areas in locations with no

hydraulic connection to the channel, caused by linear interpolation of water surface

elevations (Bates, 2022). The accuracy of 2D models is generally considered much

higher, with a number of studies con�rming the bene�t of 2D models over 1D in most

circumstances (Ghimire et al., 2022;Jafarzadegan et al., 2023). In addition, 2D models

do not require interpolation in the same way as 1D models since results are already

spatially distributed. However, 2D models have a number of drawbacks, including

high e�ort to con�gure and a high computational expense, and are therefore di�cult
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to implement at large scales. Recent research e�orts have focused on improving the

e�ciency of 2D models, including use of simpli�ed forms of the underlying shallow

water equations, hybrid 1D-2D approaches, code optimization, and leveraging the use

of high-performance computing (Jafarzadegan et al., 2023). Other approaches have also

attempted to use machine-learning tools to either emulate 2D model results (e.g.,Kabir

et al., 2020;Zhou et al., 2022), or to simulate inundation directly (e.g.,Shaeri Karimi

et al., 2019;Frame et al., 2024). Global 
ood maps have also been produced at an

approximate resolution of 90m using the 2D LISFLOOD-FP model (Sampson et al.,

2015). In all of these cases, the high degree of e�ort and computational cost of running

the hydrodynamic models remains a barrier in practice, particularly for large scale,

high-resolution, and/or real-time prediction.

The computational demands of hydrodynamic models has at least partially driven

the development of simpli�ed methods for 
ood inundation and mapping (Hamidi et al.,

2023). Many simpli�ed methods focus on use of high-resolution topographic data to

estimate 
ood depths. The most basic version of this could be considered the planar

method, where any raster pixel with an elevation less than a speci�ed 
ood elevation is

considered 
ooded (Teng et al., 2015;McGrath et al., 2018). Other examples of recent

simpli�ed methods include the rapid 
ood spreading method (Lhomme et al., 2009b),

AutoRoute (Follum, 2013), and the Height Above Nearest Drainage (HAND) model

(Renn�o et al., 2008;Nobre et al., 2011). The popular HAND approach and its deriva-

tives have been used in many studies (e.g.,McGrath et al., 2018;Scriven et al., 2021;
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Chaudhuri et al., 2021;Aristizabal et al., 2023) as a low complexity, low computational

cost approach to estimating 
ood depths and inundation extents, which is also scalable

to large domains. The HAND approach re-expresses an elevation raster in terms of

relative elevation to the nearest drainage point, which can then be used to rapidly gen-

erate inundation maps with depths for each drainage feature provided. Approaches in

the literature for generating these depth estimates typically deploy Manning's equation

to develop synthetic rating curves that estimate depth from 
ow (e.g.,Afshari et al.,

2018; Scriven et al., 2021; Chaudhuri et al., 2021; Diehl et al., 2021), and relies on

the calculation of hydraulic properties over a reach to estimate wetted perimeter and

area in Manning's equation (Zheng et al., 2018a,b). This type of approach, referred

to here as the HAND-Manning method, has been shown to work reasonably well at

emulating results of more sophisticated models in relatively simple cases, but struggles

with the very common case where backwater e�ects in
uence results (Aristizabal et al.,

2023), since each domain or catchment area the method is applied to is computed

independently. Hydraulic structures can also not be represented with this approach.

In addition, these methods do not respect mass, energy or momentum conservation.

Other studies have circumvented these particular issues by calculating depths at cross-

sections using HEC-RAS, and then mapping these depths using HAND rather than

interpolating results between cross-sections (Li et al., 2023). However, this approach

assumes that the information at cross-sections is representative of conditions along the

entire reach without considering the reach data in hydraulic calculations, which may

not be appropriate in all cases.
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In this study, we introduce a novel approach that combines the inundation mapping

capabilities of the HAND approach with a 1D steady-state hydraulic model capable

of handling backwater e�ects. We also provide a variant of the HAND approach,

the Dynamic HAND (DHAND), which improves upon the ability of HAND to cap-

ture landscape connections within the DEM. The HAND or DHAND approaches are

used in estimating hydraulic properties for 1D calculations and in mapping the depth

results, thus removing the need for cross-sections that are typically deployed in 1D hy-

drodynamic models. This overcomes the limitations of HAND-only approaches with no

backwater e�ects or energy loss calculations, and also integrates the complete set of 3D

information into the hydraulic model rather than relying on cross-sections to extract

local data. The HAND-based method is used both in determining hydraulic proper-

ties for the hydraulic model (rather than from a cross-section) and in mapping the

depth results in post-processing. These methods are combine within the Geospatially

Augmented Standard Step (GASS) method, and implemented within the Blackbird

software package.

The main objectives of this study are:

1. To present of a methodology that utilizes the reach-integrated approach and the

HAND model to represent hydraulic properties, and combine it within a 1D

hydraulic model;

2. To introduce a modi�ed version of HAND that captures the landscape connec-

tivity as a function of stage, and improves upon the ability of HAND to capture
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landscape connections in complex terrains; and

3. To demonstrate of the ability of the Blackbird software (which implements the

GASS method) to estimate channel depths by �rst verifying the code against

standard cross-section based models, then benchmarking it against similar meth-

ods for hydraulic calculations and mapping to contrast performance.

5.2 Methods

5.2.1 Geospatially Augmented Standard Step (GASS) overview

The Geospatially Augmented Standard Step (GASS) method uses a combination of

three main approaches:

1. a steady-state hydraulic model solved by the standard step method

2. a dynamic version of the HAND method (DHAND), which is used in assessing

whether cells are inundated for a given calculated downstream depth in pre- and

post-processing

3. calculation of reach-integrated hydraulic properties in domains divided by over-

land 
ow paths, which are calculated prior to simulation to maintain a fast model

runtime

The use of a standard-step method has been deployed in hydraulic models such

as HEC-RAS for decades (Brunner , 2022). The DHAND method is a novel approach
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developed speci�cally herein, and similar strategies for reach-integration of hydraulic

properties have been introduced in previous studies (Zheng et al., 2018a,b). Here, we

extend these reach-integration strategies to additional hydraulic properties that are

required in computing depths with the standard step method, such as conveyance and

velocity coe�cients.

The data requirements of this methodology include a digital elevation model (DEM)

which includes observed or estimated bathymetric, spatially distributed Manning's n

roughness values, a set of main channel polylines, and 
ows de�ned at each channel

reach. The resolution of the input raster layers is up to the user, though the resolution

should be su�cient to capture the channels being modelled and model outputs will

be at the same resolution. The roughness layer can be determined from land cover

information and translated to roughness values using the guidance ofChow (1959) or

similar roughness tables. The channel polylines may be determined through processing

of the input DEM to ensure alignment with the DEM. The bathymetric information is

often not available in regional studies, though techniques for estimating channel depth

(e.g., Wilkerson and Parker, 2011; Thayer, 2017), and re
ecting this in the DEM

through methods such as stream-burning also exist in the literature (e.g.,Lindsay,

2016). The key output from the model is a spatially-distributed raster �le of 
ood

depths for each vector of 
ow values provided at each streamnode.

The basic work
ow for this method is:

1 Input data collection and pre-processing
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1a) collect inputs including DEM and Manning's n roughness raster layers, which

would be supplied or processed to the same resolution

1b) determine main channel locations with a supplied polyline dataset or through

a 
ow accumulation exercise, which may include manual delineation or pruning of

channels to ensure channels of interest are represented

1c) generate the 
ow accumulation, 
ow direction, and HAND or DHAND layers

1d) discretize the model by de�ning streamnodes (locations where depths will be

computed, similar to cross-section locations in a fully 1D model), and compute reach-

integrated hydraulic properties as a function of depth for each streamnode (this is done

once as a pre-processing step)

2 Simulation and post-processing

2a) provide 
ows for each reach, set computational options including boundary condi-

tions, and perform the calculation of depths at each streamnode using reach-integrated

hydraulic properties with the standard step method

2b) post-process results by interpolating depths along the reaches, and using the

HAND or DHAND raster(s) to determine the depth of 
ooding in each cell

3 (optional) Iteration

3a) iterate on options and parameters for calibration, such as adjustment of a rough-

ness multiplier (which does not require reprocessing hydraulic properties)

1. collect inputs including DEM and Manning's n roughness raster layers, which
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would be supplied or processed to the same resolution

2. determine main channel locations with a supplied polyline dataset or through a


ow accumulation exercise, which may include manual delineation or pruning of

channels to ensure channels of interest are represented

3. generate various geospatial layers, including the 
ow accumulation, 
ow direction,

slope, and HAND or DHAND layers

4. discretize the model by de�ning streamnodes (locations where depths will be

computed, similar to cross-section locations in a fully 1D model), and compute

hydraulic properties as a function of depth for each streamnode (this is done as

a pre-processing step)

5. provide 
ows for each reach, set computational options including boundary con-

ditions, and perform the calculation of depths at each streamnode using the

standard step method

6. post-process results by interpolating depths along the reaches, and using the

HAND or DHAND raster(s) to determine the depth of 
ooding in each cell

7. (optionally) iterate on options and parameters for calibration, such as adjust-

ment of a roughness multiplier (which does not require reprocessing hydraulic

properties)

The 
ooded area for a given reach is shown schematically inFigure 5.1 , and

provides a representation of how the GASS method discretizes the spatial domain. The
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�gure depicts a) the view of an inundated reach in pre-processing, b) the plan view of an

inundated reach area delineated by the topographic divide and the steepest path divide

at streamnodes, and c) an inundated reach after the hydraulic model is used to compute

depths at each streamnode, and depths are �rst interpolated between streamnodes and

then mapped with a HAND-based method to generate the �nal inundation map. The

terms in the diagram are described throughout this section.

Figure 5.1 a) Schematic of the reach-integrated 
ooded area, b) plan view of the inundated
area, and c) schematic of the inundated reach with interpolation of depth from streamnodes
j and j + 1. The water surface elevation is held constant along the red line in c), which is

the vertical projection of the drainage path ending in the nearest drainage point.

5.2.2 Hydraulic modelling with the standard step method

In the traditional cross-section approach, the standard step method may be used to

compute steady state depths with gradually varied 
ow at each streamnode. This

method is identical to that used in HEC-RAS (Brunner , 2022).
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The standard step method relies on solving Bernoulli's equation without the pres-

sure head term for each pair of streamnodes:

zj + dj +
� 2�v2

j

2g
= zj � 1 + dj � 1 +

� 1�v2
j � 1

2g
+ � hj

where z is the channel invert,d is the channel depth, �v is the average cross-sectional

velocity, � is the velocity coe�cient, g is gravitational acceleration, andhe is the head

loss between two streamnodes. The subscripts refer to the relative location of the

streamnode, wherej is a given streamnode andj � 1 is the downstream streamnode.

The program currently assumes a subcritical regime, applies a normal depth boundary

condition at the downstream-most node (j = 1), and then proceeds upstream to solve

each streamnode in turn.

The head loss between two streamnodes �hj is expressed as:

� hj = Lej
�Sf j + Cj

 
� j v2

j

2g
�

� j � 1v2
j � 1

2g

!

whereLej is the e�ective stream length,Sf j is the friction slope, andCj is the expansion

or contraction loss coe�cient, depending on whether the 
ow area is larger or smaller

than that of the downstream streamnode (A j ). The friction slope is computed at each

streamnode using the relationship:

Sf j = ( Qj =K j )
2
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whereQj is the 
ow rate at the downstream streamnode andK j is the total conveyance

of the streamnode. The average friction slope�Sf j may be computed in a number of

ways, where the default in Blackbird is a simple reach average between the downstream

and upstream friction slopes. Additional details on the standard step method may be

found in Brunner (2022).

While the focus in Blackbird is on the use of reach-integrated hydraulic proper-

ties (discussed inSection 5.2.4 , the expression of hydraulic properties into equivalent

form allows properties at streamnodes to be determined from either the traditional

cross-section or from reach-integration, or a mix of both within the modelling do-

main, without a change in the standard step solution. This also allows Blackbird to

theoretically include any feature of 1D cross-section based models as well, such as hy-

draulic structures. This removes a common limitation in large scale 
ood mapping

applications based on geospatial methods such as the HAND-Manning approach (e.g.,

McGrath et al., 2018;Chaudhuri et al., 2021), which are unable to handle backwater

e�ects or hydraulic structures.

5.2.3 Dynamic Height Above Nearest Drainage (DHAND)

In previous studies (e.g.,Afshari et al., 2018;Scriven et al., 2021;Chaudhuri et al.,

2021; Diehl et al., 2021), the HAND method is used to determine whether a cell is


ooded based on its HAND value (H i ) relative to the depth (assumed uniform) in the

reach (dj ). A cell is 
ooded with a depth of dj � H i if dj > H i . One issue with the
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processing required to produce a HAND raster is the need to condition the DEM using

a breach or �ll algorithm prior to computing the HAND raster (e.g., Scriven et al.,

2021). This is a common approach in watershed delineation, but in determining 
ow

pathways at a high resolution for 
ood mapping, this can either create arti�cial 
ow

pathways that do not exist in the terrain if a breach conditioning algorithm is used, or

remove storage from the landscape if the �ll algorithm is used. This is a known issue

with the processing behind the HAND method (Aristizabal et al., 2023). In any case,

the generation of the HAND raster itself requires manipulating the DEM to determine


ow pathways.

The Dynamic Height Above Nearest Drainage (DHAND) is presented here as an

alternative to HAND that minimizes the artefacts of terrain alterations through con-

ditioning, and is meant to preserve the 
ow connections in the DEM. This can be of

particular importance when natural berms or engineered dykes exist in the landscape.

The DHAND algorithm computes a series of raster layers with HAND values as a

function of depth, where the number of depth intervals (Nk) and the depth interval

between layers (�dk) are speci�ed by the user. The calculation of DHAND starts with

the initial HAND estimate determined from regular conditioning, which can be con-

sidered the DHAND layer for a depth of zero (dk = 0). Then, for each speci�ed depth

dk = k � � dk ,

1. a new DEM raster is constructed for the given layerk, where cells with a HAND

value H i of less thandk in layer dk� 1 are conditioned with a breaching algorithm,
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and all other cells are conditioned via a �ll algorithm

2. the HAND layer for depth dk is then computed in the standard way, subtracting

the elevation of the cell where a given cell drains to (zi min ) from each cell's

elevation (zi ) to compute the DHAND layer, i.e. H i = zi � zi min

This use of conditional breaching and �lling of the DEM allows the landscape con-

nections to be largely preserved, and particularly ensures that cells at lower elevations

do not arti�cially become inundated for a given depth because of the conditioning algo-

rithm. The accuracy of this method is improved with higher resolution depths applied

in DHAND, at the cost of additional pre-processing and storage requirements, as each

depth produces a new raster DHAND layer.

This is shown graphically inFigure 5.2 .

5.2.4 Reach-integrated hydraulic properties

The depth in each cell (di ) is determined by comparing the 1D reach-integrated depthdj

to the DHAND value of the raster cell (H i ). This assumes a 
at raster cell where slope

and aspect are neglected. The depth in each cell is calculated asdi = max( dj � H i ; 0).

The 
ooded area (A i ) is a binary function, de�ned as:

A i =

8
<

:
0 if di = 0

A i if di > 0
(5.1)

wherea is the square raster cell dimension. Similarly, the 
ooded volumeVi is computed

as Vi = A i � di the i th cell is inundated, and zero otherwise. The e�ect of slope being
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incorporated into these equations was tested and found to have a negligible impact on

results, and thus the simpler equations are adopted in calculating area and volume for

raster cells.

In a traditional cross-section based 1D model, we compute conveyance in each

section of the cross-sectional 
ow area as:

K b =
1
nb

AbR
2=3
b

whereK b is the conveyance of thebth section, nb is the Manning's roughness,Ab is the


ow area, and Rb is the hydraulic radius, computed asAb=Pb, wherePb is the wetted

perimeter.

To compute the total conveyance in a cross-sectional model, we can sum the con-

veyance in each section:

K j =
NbX

b=1

K b

whereK j is the total conveyance of the cross-section, andNb is the number of sections

(or slices) within the cross-section. The number of sections or slices is typically either

based on the number of ordinates (i.e., each pair of x, z coordinates constitute a new

section) or the sections are grouped based on whether the roughness value changes,

which results in fewer sections.

In the reach-integrated approach we consider each raster cell as a `section' and

substitute Nb sections forN i cells. We further substitute the cross-sectional 
ow area

for total cell 
ooded volume Vi , and the cross-sectional wetted perimeter for the total
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cell 
ooded area A i . The term is then divided by the e�ective length of the reach,

Lej , which creates a term that is comparable to that traditionally computed for a

cross-section. This approach is similar to that ofZheng et al. (2018a), though we

use the e�ective length rather than reach length, as the e�ective reach length is more

representative of the 
ow path as a function of depth than a static reach length. This

is written as:

K j =
1

Lej

N iX

i =1

K i =
1

Lej

NX

i =1

1
ni

Vi R
2=3
i

where in the reach-integrated set of properties,Ri = Vi =Ai , which is analogous toA=P

in the original Manning's equation and equivalent in a uniform channel cross-section.

We can similarly compute reach-integrated area and wetted perimeter, and compute

the 
ow area of the j th streamnode (A j ) as:

A j =
1

Lej

N iX

i =1

Vi

and the wetted perimeter (Pj ) of the j th streamnode as:

Pj =
1

Lej

N iX

i =1

A i

The e�ective reach length of the channel is intended to capture the distance travelled

by water from one point to another, and is then used to determine energy losses incurred

by that travel. In traditional 1D models, this is resolved by inputting the main, left,

and right channel distance manually (Nb = 3), and often by using a 
ow-weighted

arithmetic mean to determine the e�ective length for energy loss. In the cross-section
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based implementation of our model, we use a similar conveyance-weighted approach to

determine e�ective reach length:

Lej =
1

K j

NbX

b=1

Lb � K b

whereNb = 3 and represents the left, right and main channel sections.

In the reach-integrated implementation, we aim to determine the e�ective reach

length automatically based on the geospatial data available without the need to pre-

scribe the channel lengths for three locations (left, main, right), as is traditionally done

in the cross-section approach. Instead, we compute a reach-length raster input, which

determines the mean travel path length within the reach for a given stage. Conceptu-

ally, this reach-length raster represents the average path length that a droplet of water,

if travelling through the reach at the given location and elevation of the raster cell it is

located on, would travel from the upstream boundary of the reach to the downstream

boundary of the reach. Within the channel this is determined from the channel vector

polyline, and elsewhere this is determined from contour lines derived from the HAND

raster. The path lengths mapped as a set of polylines are then interpolated to the

DEM resolution to generate the reach length raster.

The e�ective reach length (Lej ) of the j th streamnode for a speci�c depth is com-

puted as:

Lej =
1

P N i
i =1 K i

N cellsX

i =1

L i � K i

whereL i is the estimated reach length in thei th cell (determined from the reach length
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raster), and K i is the cell conveyance.

Two other terms that need to be computed in order to facilitate steady-state hy-

draulic calculations include the alpha term (� ), which is a correction to the average

velocity, and the composite Manning's n (nc).

The alpha term (� ) accounts for the underestimation of mean velocity when com-

puted from the sum of individual components. This value is generally between 1.0

and 4.7 (Hulsing et al., 1966). In a cross-section approach, the alpha term has been

computed as (Brunner , 2022):

� j =
A3

j

K 2
j

0

@
NbX

b=1

K 3
b

A2
b

1

A

We compute� j in the same manner with the catchment approach, noting that the

the conveyanceK b is now the conveyance of an entire cell (K i ), and the cross-sectional

areaAb becomes the total 
ooded volume of the cellVi . This can be written as follows:

� =
V f 3

j

K 2
j

0

@
N iX

i =1

K 3
i

V f 2
i

1

A

The composite Manning's n in the cross-sectional approach (nc) can be computed

using one of many equations (seeChow(1959), equations 6-17 through 6-19), including

the equal force equation, equal velocity, weighted average conveyance, weighted average

area, and others. No single method has been deemed the most appropriate in the

literature. Here, we again substitute the cross-sectional area with the 
ooded volume

and substitute the cross-sectional wetted perimeter with the 
ooded cell area. The

default composite Manning's n estimation approach in Blackbird is the equal velocity
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method, which can be written in reach-integrated form as:

nc =

 P N i
i =1 A i n1:5

i

A j

! 2=3

5.2.5 Post-processing and 
ood map generation

Following the execution of the hydraulic model calculations with a standard step ap-

proach, the mapping of hydraulic results at each streamnode is performed to generate

a 
ood map of depths and/or inundation extents. The typical approach with HAND

is to apply the reach-integrated depthsdj within each reach, and compute depths in

each cell asdi = max( dj � H i ; 0).

In Blackbird, the thalweg depths are �rst interpolated along the reach, reducing the

occurrence of sharp di�erences in depths within the 
ood map. This creates a series

of interpolated depthsd̂j along the reach, wheredj < = d̂j < = dj +1 . The interpolated

depths d̂j may optionally be corrected with the term (ẑt � zt ) � Ct to take into account

the variability of the DEM elevations at the thalweg, such that the �nal water surface

elevation remains a smooth linearly interpolated grade between streamnodesj and

j + 1, rather than a water surface that re
ects the variability of bed elevation in the

channel. The interpolated depthsd̂j are computed as:

d̂j = dj + ( dj +1 � dj ) �
L̂ j

Lej

+ ( ẑt � zt )

where L̂ j is the length of the thalweg from streamnodej to the nearest drainage

point associated withd̂j , ẑt is the linearly interpolated channel bed elevation, andzt
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is the actual bed elevation (i.e., thalweg elevation). Where the depths are corrected

by thalweg elevation in post-processing, the same correction would be applied in pre-

processing hydraulic properties for consistency.

The depths in each cell (di ) are then computed using the closest DHAND informa-

tion corresponding to the interpolated depthd̂j , and depths in each cell are computed

as di = max( d̂j � H i ; 0). Blackbird supports the use of DHAND or HAND for the

post-processing step of map generation, as well as the options to interpolate depths or

apply the depth uniformly within the reach.

5.2.6 Evaluation metrics

Two key metrics are used to evaluate the quality of models against either a benchmark

model or 
ood polygons. In the case where a benchmark model result with depths in

each cell is available as the `observed' data set, error metrics based on the di�erence in

depths between cells may be computed. The �rst of these is the mean absolute error

(MAE), computed as:

MAE =
1

Nm

NmX

m=1

jds
m � do

m j

where Nm is the total number of cells evaluated (typically, all cells within a de�ned

boundary), ds
m for simulated depth in the mth cell and do

m as the `observed' depth

(noting that here we treat modelled depths from the 2D model as `observed'). The

range for this metric is [0; 1 ], where 0 is an ideal score.
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The second metric used in evaluating errors in depths is the normalized sum of

squared errors. This is computed as a sum of squared errors divided by the sum of

errors when compared to a raster with the overall average depth mapped to each cell:

NSSE = 1�
P Nm

m=1 (ds
m � do

m )2

P Nm
m=1 ( �do � do

m )2

where �do is the average depth in the evaluated cells within the observed raster (1
Nm

P
do

m ).

A score of one means the simulated result is equivalent to the na•�ve model of taking a

single mean depth in all inundated cells.

Other relevant metrics related to the binary classi�cation of images based on true

positive, true negative, false positive, and false negative are often used in 
ood studies,

such as hit rate, false alarms, error bias and Matthew's Correlation Coe�cient (MCC)

(e.g., Wing et al., 2017;Chicco, 2017). These are omitted here in favour of the depth

comparison metrics, since the available data supports additional information provided

by speci�c depths.

5.2.7 Case studies

We present two case studies for veri�cation and testing of the Blackbird approach.

First, we provide the `Simple Benchmark' case study, which is comprised of a set of six

test cases (SB01-SB06), which are intended to verify the ability of Blackbird to provide

a steady-state solution using the standard step method with cross-sections before it is

used in the reach-integrated con�gurations. We deploy HEC-RAS 1D and Blackbird
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to both model sets of cross-section data without any reach-integration or other novel

methods presented in this manuscript.

The second case study is based on a physical location near the community of Walde-

mar, Ontario within the Grand River watershed. The base terrain is based on high

resolution bathymetric and topographic data to ensure representation of the channel

and 
oodplain geometries. In this case study we apply a fully 2D quasi-steady state

model in HEC-RAS, which is treated as the `truth' and used as the point of compar-

ison for the 1D-based approaches. The purpose of this case study is to compare the

HAND-Manning method, a cross-section based 1D model in HEC-RAS 1D, and the

Blackbird model in their ability to approximate the results from the fully 2D model.

The model results for both uncalibrated and calibrated models are provided.

The HAND-Manning method is also implemented within the Blackbird software,

and uses the reach-integrated estimation of hydraulic properties from a HAND raster

that is otherwise consistent with the Blackbird methodology. The normal depth in each

streamnode is then estimated using Manning's equation to determine depth, providing

the reach-integrated bed slope as the slope term. The depth results are generated for

each streamnode and combined to create a 
ood map. The HEC-RAS 1D model refers

to a fully 1D model built with HEC-RAS software o�ered by the US Army Corps of

Engineers (Brunner , 2022). The same software is used to interpolate results between

cross-sections and generate 
ood maps.
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Simple Veri�cation Benchmarks

In the Simple Veri�cation Benchmark case study, we deploy six basic tests in comparing

cross-section based models to ensure that the Blackbird standard step approach is

consistent with industry-standard software. We apply the following tests in order of

increasing complexity:

1. SB01 - basic trapezoidal channel with symmetric roughness values in the left/channel/right

banks, consistent length values of 50m for left/channel/right

2. SB02 - basic trapezoidal channel with asymmetric roughness values (higher rough-

ness in one bank than the other)

3. SB03 - basic trapezoidal channel, asymmetric roughness values, asymmetric and

varying channel lengths in banks

4. SB04 - basic trapezoidal channel, varying channel lengths in banks, horizontally

varying roughness values as a vector rather than specifying 3 roughness values

for left/channel/right

5. SB05 - basic trapezoidal channels on three reaches, asymmetric roughness values,

asymmetric and varying channel lengths in banks, and a junction.

6. SB06 - 49 realistic cross-sections cut from real terrain data along a single channel

with horizontally-varying roughness values.
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The last test, SB06, uses the sections and setup from the Waldemar 1D case study

(described in the following section) under the high 
ow scenario. These six tests are

used as a veri�cation of the ability of Blackbird to correctly compute steady-state

subcritical hydraulic results as a necessary check before deploying those algorithms for

more complex application. Each set of results uses the depth at each cross-section to

verify the agreement of the models.

Waldemar

This case study is developed as a test bed to compare the various modelling approaches

against the results of a 2D hydraulic model (built using HEC-RAS 2D). The philosoph-

ical approach taken here is to consider the 2D model as `observed' or `truth' data, with

the goal of the simpli�ed modelling approaches being to approximate the 2D model as

closely as possible.

The town of Waldemar is located along the Grand River in Ontario, approximately

14km west of Orangeville. The Grand River 
ows from the north through the town of

Grand Valley, meanders and then 
ows through the town of Waldemar. The extents of

the case study are depicted inFigure 5.3 . The terrain was generated from a combina-

tion of the Southwestern Ontario Orthophotography Project 2020 (SWOOP2020) data

product and bathymetry data provided by the Grand River Conservation Authority

(GRCA). The SWOOP2020 product is freely available at a 0.5m resolution across all

of southwestern Ontario, including the Waldemar study area, and is o�ered under the
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Open Government License - Ontario. The bathymetry data was provided as a point

cloud �le under the GRCA Open Data License v2.0. The bathymetry data was pro-

cessed into a 0.5m DEM using thelidR package in R (Roussel et al., 2020;Roussel and

Auty, 2024). These products were merged into a single terrain �le at a 2m resolution to

capture both bathymetry and terrain elevations. Land cover data was obtained from

the GRCA Land Cover 2017 product (also available under GRCA Open Data License

v2.0) and reclassi�ed to Manningn's n roughness values using standard values from

Chow (1959).

The 
ows provided to the model were derived from a 
ood frequency analysis on

annual peak daily 
ow data obtained from Water Survey of Canada gauge 02GA014.

The data was corrected by a drainage ratio to the location of historic gauge 02GA022

located within the study area, and then analyzed for extremes by �tting to the Gen-

eralized Extreme Values distribution using theextRemespackage in R (Gilleland and

Katz, 2016). The 
ows used in this case study were 156.2 m3=s (low 
ow), 246.4 m3=s

(medium 
ow), and 314.7 m3=s (high 
ow), which correspond to approximately a 1

in 2 year 
ow, a 1 in 10 year 
ow, and a 1 in 100 year 
ow (50%, 10%, and 1% an-

nual exceedance probabilities), respectively. Only 
ows along the Grand River were

considered in this model benchmark, though other tributaries exist within the study

area.

The HAND-Manning, HEC-RAS 1D, HEC-RAS 2D and Blackbird models are com-

pared within the Waldemar case study. All four models used the same terrain, land
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cover, and 
ow inputs. Fifty cross-sections for the HEC-RAS 1D model were cut

over the 13.5km domain and adjusted to avoid overlapping in meanders. The cross-

section thalweg locations were used as streamnode locations for the HAND-Manning

and Blackbird models. Terrain and roughness data for the HEC-RAS 1D model was

obtained from the raster inputs using native HEC-RAS tools to populate cross-section

data. Bridges are present at crossings in the area but are omitted in all models here

for simplicity. The roughness values in all non-2D models were initially multiplied by

a single roughness multiplier of 1.1 in recognition that the losses encapsulated by the

roughness term vary based on the modelling approach (Morvan et al., 2008), and are

generally higher in more simpli�ed models where more energy losses are abstracted

by the roughness coe�cient rather than being de�ned in the mathematical formula-

tion. The initial `uncalibrated' factor of 1.1 was determined by comparing depths in

key sections of the HEC-RAS 1D and 2D models, and adjusting the global roughness

multiplier until the error in depths at those sections was minimized. The roughness

multiplier was later calibrated manually for each of the three benchmarked models

using the NSSE scores to develop calibrated models.

In developing the 2D hydraulic model with HEC-RAS 2D, a base cell resolution of

5m was used with additional re�nement along the main channel and hydraulic features

in the model, such as berms and ponds. The model was run in unsteady mode using

the Shallow Water Equations Eulerian-Lagrangian Method (SWE-ELM) method. The

Conservative turbulence model was also included to account for turbulent e�ects. The
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timestep was con�gured as an adaptive timestep, with an initial timestep of 0.5s and

allowing a range of 0.016s to 4s timesteps. The maximum depth error (as reported by

the HEC-RAS solver) across all three 
ow simulations was found to be less than 0.23m

in water surface elevation, with an overall volume accounting error of 0.0047% or less

in each run. The model run time was between 2-4.5 hours per run on an i9 desktop

with 24 cores, depending on the 
ow scenario. The HAND-Manning and Blackbird

models required a pre-processing runtime of approximately 70min to compute hydraulic

properties prior to the model runs. The model runtime of a few seconds was negligible

in comparison, and is similar to the runtime in HEC-RAS 1D. The generation of result

rasters using any approach ranged from 30-120 seconds.

154



Figure 5.2 HAND and DHAND layers are applied for �xed depths to compute 
ood
extents adjacent to a river bend. A) HAND layer with shallower depth of 4.5m shows


ooding in two hydraulically disconnected areas on the inside of a berm. B) Same HAND
layer from plot A with a greater depth of 6.5m shows greater 
ooding inside the berm area

as it is overtopped, and also shows a new disconnected and inundated area appears just
southwest of the original area. C) A DHAND layer for the speci�c depth of 4.5m shows no

ooding on the other side of the high berm. D) The DHAND layer for a depth of 6.5m now

allows 
ooding on the other side of the berm as it is overtopped, and does not generate
falsely inundated areas as with the HAND layer in plot B.

155



Figure 5.3 Location of the case study in the Town of Waldemar. The extents of the
HEC-RAS 2D model are shown in the orange outline. Imagery obtained from Google 2020

imagery.
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5.3 Results

5.3.1 Simple Veri�cation Benchmarks

The results from the Simple Benchmark tests found that in case studies SB01-SB05,

the Blackbird algorithm had a maximum error in depth of 1cm (translating to approx-

imately 0.08% error in depth), which was found on a few sections and is likely due

to small numerical errors or rounding to the nearest centimetre. Aside from that, the

HEC-RAS 1D results are e�ectively emulated by the Blackbird code for these simple

tests.

In SB06, the full complexity of model inputs derived from real data including up

to 500 ordinates per cross-section, rather than the theoretical cross-sections and other

parameters (such as reach lengths and roughnesses) used in SB01-SB05. The maximum

error in SB06 was bounded by� 0:2m, which is approximately� 5:25%. Based on the

results of a t-test on the mean and Shapiro-Wilk test respectively, the mean of the data

is not signi�cantly di�erent from zero and appears to be normally distributed. A plot

of the errors is provided inFigure 5.4 , indicating that the errors appear randomly

distributed along the channel station (i.e. not accumulating with station) and normally

distributed. The errors in SB06 may be due to aggregated rounding errors in each cross-

section, as the modelled cross-sections have between 175 and 500 points each, while

earlier experiments had only eight (8) points per cross-section. There may be other
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Figure 5.4 Results of the SB06 benchmark test, summarized with a pro�le plot for both
Blackbird and HEC-RAS generated results on the left and the residual depth errors shown
on the right. Errors are bounded by � 0:2m and are randomly distributed around a mean of

zero.

di�erences in the algorithms as well, such as in the algorithmic handling of inundated

areas outside of the main channel or other nuances that were not represented in SB01-

SB05.

Overall, the simple benchmark results indicate that the Blackbird code is working

as expected when deploying the standard step method in subcritical regimes for a set

of cross-sections when compared to HEC-RAS 1D. The code is able to replicate the

results of simple case studies almost exactly, and with a small amount of error in a

very complex terrain. This provides su�cient con�dence for using the code in the

reach-integrated application, which is the focus of this study.
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5.3.2 Waldemar

The MAE and NSSE metrics (de�ned inSection 5.2.6 ) were computed for each sce-

nario and 
ow in the Waldemar case study are provided inFigure 5.5 . The evaluation

is based on all raster cells within a de�ned evaluation area, and for each 
ow regime

(low, medium, or high), any cells that are consistently dry in all model results are

removed from the calculation of metrics. This pruning of dry cells does not impact

the relative ranking of models in the results. The results indicate that based on all

metrics, the best model in each 
ow scenario was consistently Blackbird, followed by

HEC-RAS 1D and then HAND-Manning.

The HAND-Manning method is consistently ranked last in performance with errors

substantially larger than other methods. The depths generated by HAND-Manning

methods are always underestimated in this case study, and require calibration to in-

crease roughness by a large factor in order to approach reasonable results. This in par-

ticular highlights the value added by considering energy losses via a hydraulic model,

rather than performing geospatial-based analysis alone, as the energy loss impacts are

substantial.

Results were all improved by calibration, though the HAND-Manning method was

substantially improved and the Blackbird results were only marginally improved as the

initial roughness multiplier was almost unchanged. The calibrated roughness multi-

plication factors were 4.83, 1.35, and 1.14 for the HAND-Manning, HEC-RAS1D and
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Figure 5.5 Results for the three model runs evaluated against the HEC-RAS 2D model
under three 
ow scenarios. All raster cells within a de�ned evaluation area were evaluated,
and cells that were not consistently dry in all four models (including the 2D model) were
used in the calculation of metrics. Metrics used are the mean absolute error (MAE) and

normalized sum of squared errors (NSSE). Plots A and B show uncalibrated model results,
and plots C and D show calibrated model results.
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Blackbird methods, respectively (compared to an initial multiplier of 1.1). The dif-

ference in roughness multipliers highlights the drastic need to compensate for a lack

of inherent energy losses in the HAND-Manning method. The di�erence in calibrated

multipliers between the HEC-RAS 1D and Blackbird models also suggests that there

may be additional energy losses captured with the reach-integrated approach relative

to the cross-section approach, leading to the lower multiplier in the Blackbird model.

Di�erent model formulations leading to di�erent calibrated Manning's roughness values

(Morvan et al., 2008).

The model results were visually compared to the 2D model results inFigure 5.6 to

show locations where the inundated (wetted) and dry areas varied from the 2D output.

Outputs were mapped in a categorical classi�cation scheme to show where results were

1) accurately classi�ed as wetted (Hits), 2) false positives, where the model produced

a wetted cell in a cell with no water from the 2D model, and 3) false negatives, where

a dry well was produced where the 2D model was wetted.

Figure 5.6 shows clearly how the HAND-Manning method has the largest swaths

of both false positive and false negative areas. The area on the inside bend near

the northern part of the study area is wetted (false positive) in both the HAND-

Manning and HEc-RAS 1D results though not the Blackbird results, a phenomenon

which is further explained by Figure 5.2 . While some areas of both false positives

and false negatives exist in all three model results, the Blackbird model is successful

in minimizing the large areas of false positives due to channel connection issues, or
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