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ABSTRACT 

This study proposed a particle-set distributed hydrological model for the dynamic 

simulation of rainfall-runoff process. With the supports of remote sensing, GIS, 

terrain analysis and distributed computing techniques, a representation-simplified 

and physically-based high-performance watershed framework has been developed. 

It simplifies the underlying watershed with a flow path network model, and 

represents the moving surface flow with independent runoff particles. 

 The original idea was to investigate a real-time modeling system for the 

space-time dynamics of increasingly frequent extreme rainfall events. Short-term 

heavy rains may cause further damages by spawning floods and landslides. It is 

quite essential to understand how the rainfall water moves across the watershed 

surface as early as possible. A modelling system with high-performance in 

simulation efficiency and space-time prediction accuracy would be very desirable. 

 Watershed modeling is the primary way to explore the hydrological cycle 

at a local scale. Existing models are classified as empirical lumped, conceptual 

semi-distributed and physically-based distributed models. The first two types of 

models have focused more on predicting outlet discharges rather than estimating 

spatiotemporal flow dynamics. The application of physically-based models has 

always been hampered by some common shortcomings like over-parameterization, 

inflexibility and computational burden. With the increasing support from terrain 

analysis and parallel computing techniques, a number of previous studies have 

made some efforts to improve the performance in dynamic and real-time simulation. 

However, research gaps still exist in realistic representation, physical description 

and real-time simulation. 

 This study, therefore, developed the particle-set modeling system on the 

basis of flow path network model. This one-dimensional topological structure was 

created beforehand to represent the three-dimensional watershed, and a series of 

particle beams were dynamically generated to simulate the surface flow. Under the 



 

iii 

control of flow velocities, these runoff particles would keep on moving along with 

the flow paths, which can represent the spatial distributions of surface water in time. 

 To validate the proposed particle-set framework, a prototype of particle-set 

system was implemented by programming methods with the assistance of third-

party platforms. Three experiments were undertaken to respectively evaluate the 

performance in prediction accuracy, simulation efficiency and parameter sensitivity. 

More specifically, a total of 10 rainfall events and up to 128 computer processors 

were tested. In addition, the influences of underlying spatial scale and source 

sampling density on hydrological responses were explored with comparative tests. 

 The accuracy validation comes in two parts, the representation loss in terrain 

analysis, and the discharge error in hydrological modeling. The experimental results 

indicate that the TIN-based flow path network has maintained the terrain features 

at a very high level with much less data storage, and the particle-set framework has 

achieved quite acceptable predictions of outlet discharges. Besides, the efficiency 

evaluation concerns with two aspects, parallel portion and parallel efficiency. The 

speed-up results indicate that about 99% of the computational workloads can be 

computed in parallel, and the particle-based scheme can achieve almost the ideal 

parallel efficiency. In addition, the sensitivity test focuses also on two parameters, 

underlying spatial scale and source sampling density. The preliminary results show 

that the particle-set model has shown a good reliability and stability as scale gets 

coarser or density becomes sparser. 

 This study will contribute to the understanding of short-term rainfall-runoff 

events at a basin scale. The particle-set distributed hydrological model has been 

proven to provide real-time spatio-temporal dynamics of surface flow. Further 

studies would still be required to apply it to real world scenarios.  

Keywords: terrain analysis, watershed hydrology, rainfall-runoff process, flow 

path network, particle system, parallel computing 
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Chapter 1 Introduction 

This chapter aims to introduce the research background of this project, and draw 

the research gaps and further requirements of watershed modeling. 

1.1 Hydrological Cycle 
Water is the source of our lives. Water covers about 71% of the Earth’s surface. 

The global water supply is about 1, 386 million cubic kilometers (km3), 96.5% of 

which are found in seas and oceans, 1.74% are stored in ice and snow, 1.7% are 

stored in groundwater, 0.013% exist as saline or fresh lakes, 0.001% stay in the air, 

and 0.0002% transport as river flows (Shlklomanov, 1993). 

 Earth’s water is always in movement, and distributed unevenly in space and 

time. In the long-term, as illustrated by Figure 1.1, there are about 506 million km3 

of water exchange between the atmosphere and the surface of the Earth per year on 

a global scale (Gleick, 1996). 

 

Figure 1.1 Yearly water balance of global water cycle (Gleick, 1996). 
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 Every year, the precipitation volumes over the land and the oceans are 108 

million km3 (21%) and 398 million km3 (79%), and the evaporation volumes from 

the land surface and the oceans are respectively 71 million km3 (14%) and 435 

million km3 (86%). In the global water cycle, about a third of the total precipitation 

(35 million km3) will move from land surface to rivers and the oceans every year. 

 Water cycle generates the pulse of our planet. The water cycle, also known 

as the hydrological cycle, drives water exchanges between the atmosphere, land 

surface, drainage system, reservoirs and bed rocks. The water cycle consists of a 

series of hydrological processes, including precipitation, snowmelt, canopy 

interception, evaporation, infiltration, surface and groundwater flow (Gleick, 1996). 

Research on the basin processes can yield valuable insights into the transportation 

mechanisms in water cycle. Besides, studying on the water cycle can also facilitate 

understanding the sustainable development of ecological environment. 

1.2 Rainfall-runoff Event 
The rainfall-runoff process plays a key role in the water cycle. Among all processes 

in the water cycle, the interactions between the atmosphere and the land surface 

varies in space, time and intensity. The process of rainfall-runoff consists of two 

parts, runoff generation and flow routing. The former controls how much rainfall 

and melt water gets into the drainage system, and the latter describes how these 

surface runoffs are transported to outlets of the watershed (Beven, 2012). Once the 

precipitation water has reached the land surface, it infiltrates into the soil surface, 

and only part of it becomes surface runoff. The process of surface runoff generation 

relies mainly on rainfall intensity, soil infiltration, canopy interception, and 

evapotranspiration. Surface runoff, known as overland flow, may cause water 

erosion, pollution, agricultural irrigation and flooding. 

 Hydrology is the study of the water cycle, including the chemical and 

physical properties of water, as well as their occurrence, circulation and distribution, 

and their relationship with the environment. Field measurements of water 

exchanges have always been the most direct way to monitor the watershed system. 
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Taking the process of rainfall-runoff as an example, the rain gauge is usually used 

to gather rain water and measure the rate of liquid precipitation over time, and a 

flow meter can record the rates of flow discharges at the measured point. With the 

reasonable arrangement of measured points, the hydrologists can monitor the 

rainfall-runoff dynamics directly. Whatever the process scale is, the global, 

continental, or basin scale, the process of rainfall-runoff is affected by and also 

affects the meteorological, topographical and geographical elements in the 

watersheds (Beven, 2012). In fact, field measurements are always limited by 

techniques and costs in space and time, and hydrological models are necessary for 

understanding the hydrological processes, particularly in ungauged catchments 

where measurements are not available or future hydrological processes where 

measurements are impossible (Beven, 2012). 

 Hydrologists have used two main kinds of modeling techniques to estimate 

hydrologic responses, event-based or continuous simulation approaches (Hoes & 

Nelen, 2005). The former estimates extreme water levels from a large number of 

rainfall events, while the latter predicts responses from a time series of water levels. 

Previous studies have shown that the continuous simulations can provide more 

accurate estimations than event-based simulations (Pathiraja, Westra, & Sharma, 

2012). That is mainly because the continuous approaches have always involved 

more field measurements and conceptual principles. Whatever kind of approaches 

are used, they have focused more on predicting outlet discharges rather than 

dynamics of surface flow in both time and space. Besides, these empirical or 

conceptual techniques have relied much on field data. That is, these models may 

need to be re-calibrated before being applied into different conditions. What is more, 

the computational burden makes it difficult for high-frequency real-time simulation 

of rainfall events. 

 Recent studies have shown that climate change especially global warming 

is driving an increase in extreme rainfall and snowfall events across most of the 

globe, in both dry and wet regions (Donat, Lowry, Alexander, O’Gorman, & Maher, 

2016; Tollefson, 2016). Research also indicates that increasing short-duration 
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storms are likely to occur and last less than a day, which potentially leading to an 

increase in flood threats (Westra et al., 2014). These heavy precipitation events with 

extreme short-term rainfall intensities may cause further damages by spawning 

floods or even landslide risks. Therefore, it is quite essential to understand how the 

extreme rainfall water volumes move across the surface in real time. There are two 

main requirements for a simulation system to achieve that goal, one is to provide 

flow dynamics in both time and space, and the other is to support work in real time. 

1.3 Watershed Process Modeling 
The mechanisms in the real-world water cycle are too complex to describe with 

gauge measurements. Hydrologists have developed different types of math models 

to understand the hydrological systems (Devia, Ganasri, & Dwarakish, 2015). 

 Hydrological models are simplified, mathematical representations of earth 

processes in the water cycle, while the watershed models are representatives from 

the point view of drainage basin. These watershed models can be classified in 

various ways. Considering from the perspective of purpose, they can be recognized 

as knowledge-oriented or application-oriented models (Moradkhani & Sorooshian, 

2008). Knowledge-oriented models account for enhancing the understanding of 

watershed processes, while application-oriented models are designed, developed 

and deployed as simulation and prediction tools to support decision making. 

 As examples of knowledge-oriented watershed models, the Curve Number 

method developed by the Soil Conservation Service (SCS-CN) of the Department 

of Agriculture in United States (USDA) has widely been used for estimation of 

effective rainfall with infiltration equations (Arnold, Srinivasan, Muttiah, & 

Williams, 1998), and the unit hydrograph approach has always been used for 

predicting watershed responses (Rodríguez-Iturbe, González Sanabria, & Bras, 

1982). These knowledge-oriented models are expressed as empirical equations that 

describe the mechanisms of watershed processes, and most of them have been 

integrated into the application-oriented models. For example, the above mentioned 

SCS-CN method has been improved and integrated into the physically-based 
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distributed hydrological models such as the Soil and Water Assessment Tool 

(SWAT) (Arnold et al., 1998; Arnold, Allen, & Bernhardt, 1993). 

 The Hydrologic Modeling System developed by Hydrologic Engineering 

Center (HEC-HMS) of the US Army Corps of Engineers is a typical example of the 

application-oriented watershed models (Beven, 2012; Fleming & Doan, 2013). This 

model has been used for practical applications such as flooding forecasting and 

disaster warning (Halwatura & Najim, 2013; Oleyiblo & Li, 2010). Besides, some 

hydrological models are originally developed for particular watersheds. For 

example, the Xinanjiang model developed by Zhao et al (1992) is a semi-distributed 

hydrological model for runoff prediction. 

 In summary, most existing hydrological models have focused more on 

predicting outlet responses rather than estimating spatiotemporal pattern dynamics 

of surface flow during the storms. Research gap still exists in the field of dynamic 

simulation of short-duration heavy rainfall events. Besides, for the flow dynamics 

in both time and space, there will be a significant increase in computational burden. 

The performance in computing efficiency would become a research priority to 

providing spatio-temporal flow distributions in real time. What is more, existing 

models have relied more on field measurements rather than universal descriptions 

of watershed mechanisms. That means the math models derived from a specific 

catchment may not be appropriate for ungauged basins with insufficient in-site data. 

Therefore, a more flexible physically-based hydrological model is expected to be 

applied in real-world watersheds with different conditions. 

1.4 Scientific Questions 
The main idea of this study is to understand the water cycle during heavy rainfall 

events, and support decision making for flooding prediction and landslide disaster 

forecasting. That would require the watershed modeling system to be able to apply 

in different catchments rather than the specific gauged basins, provide spatio-

temporal flow dynamics rather than the discharge predictions, and allow real-time 

high-performance simulation rather than the continuous simulations. 
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 Numerous hydrological models with different characteristics and respective 

applications have been developed (Devia et al., 2015; Moradkhani & Sorooshian, 

2008). The selection of a suitable watershed model is usually based on data 

availability (hydrological or hydraulic factor), spatial representation (lumped or 

distributed catchment), computational cost (time or space scale), and model 

robustness (suitability or uncertainty) (Pechlivanidis, Jackson, Mcintyre, & 

Wheater, 2011). Though many physically-based hydrological models allow 

detailed simulation of flow generation and routing, Beven (2012) pointed out that 

these models need become more flexible, more detailed, more efficient and more 

closely coupled to Geographical Information System (GIS) for geo-referenced 

visualization of flow dynamics. 

 Aiming at providing real-time spatio-temporal surface flow dynamics for 

short-duration rainfall events, therefore, the main purpose of this study is to develop 

a high-performance rainfall-runoff model. In comparison to existing hydrological 

models, the developed watershed model would try to answer the following research 

questions: 

• How to represent the watershed with a realistic and simplified structure that 

can provide spatiotemporal dynamics for earth processes; 

• How to describe the watershed processes with physical principles that can 

adapt to different catchments even without any gauged data; 

• How to achieve better performance in computational burden and computing 

efficiency for the dynamic simulation of rainfall-runoff process. 

1.5 Research Objectives 
Numerous previous studies have been conducted to improve the existing watershed 

models from different aspects, such as simplifying terrain representation (Y. Chen 

et al., 2014), physically-based process description (Qu & Duffy, 2007) and high-

performance parallel computation (Vivoni et al., 2011). To try to solve the above-

mentioned research questions, this study subsequently proposes a novel physically-

based distributed hydrological model on the basis of the flow path network model. 
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 This so-called particle-set model, by integrating a particle system into the 

flow path network, is expected to support high-performance dynamic simulation of 

rainfall-runoff process. First, the drainage-constrained triangulated irregular 

network (TIN) structure, created from the scale-adaptive DEM (S-DEM) by the 

compound point extraction (CPE) method, is involved as the underlying terrain 

model to adapt to the spatial scales (Y. Chen & Zhou, 2013; Q. Zhou & Chen, 2011). 

At any given spatial scale, a flow path network model, created by tracking the 

downstream flow directions upon the TIN surface, is further defined as a 

topological structure to represent the watershed and generate hydrological 

responses (Y. Chen et al., 2014). In the simulation stage, a particle system is 

incorporated into the flow path network model as the rainfall-runoff simulator to 

represent the processes of flow generating and routing. According to the 

distribution of precipitation and flow generation intensities, each stream source 

point is responsible for generating particles to represent the surface runoff. These 

particles assigned into the source points would keep on moving along the flow 

pathways under the control of hydraulic factors.  

 This particle-set hydrological model, consisting of hydraulic flow paths and 

runoff particles, can then be used for simulating rainfall-runoff dynamics by 

monitoring the spatial and temporal distribution of the moving particles. By 

increasing the sampling density of the source points, this TIN-based stream model 

can provide high-resolution runoff simulations in space. By controlling the time 

frequency for generating particles, this particle-set model can produce high-

resolution flow dynamics in time. Besides, this physically-based particle system 

inherently supports parallel computing, as these runoff particles are independently 

controlled by the hydraulic pathways. In addition, this fully-distributed point-set 

model can also provide easy access for geo-referenced visualization of hydrological 

processes, just like the flow dynamics are represented by the geo-referenced 

simulator. 

 To support all of the above, the proposed particle-set model will be 

implemented as a computer simulation platform for hydrological processes. 
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Prototype applications are developed by programming tools to achieve the above 

functions, including (1) creation of drainage-constrained TIN from gridded DEM, 

(2) generation of TIN-based flow path network model, (3) calculation of hydrologic 

and hydraulic parameters, (4) simulation of rainfall-runoff process based on particle 

system, and (5) visualization of runoff outcomes. Besides, the main program, which 

is responsible for tracing runoff particles upon stream networks, will then be 

parallelized to achieve real-time simulation with a high-performance computing 

cluster. Quantitative evaluation indicators are involved to evaluate the performance 

in simulation accuracy, and speedup experiments will be undertaken to assess the 

efficiency performance of hydrological modeling. The developed simulation 

platform will be applied into short-term hydrological processes in gauged basins, 

where the process of flow routing is dominated by topographical factors rather than 

the others. To sum up, the specific objectives of this study include: 

• to design and develop a physically-based, spatially-distributed hydrological 

framework based on the flow path network model and the particle system; 

• to implement and deploy the particle-set simulation system in a parallel 

computing environment; 

• to validate and evaluate the model performance in accuracy and efficiency 

with real-world experiments; 

• to explore and analyze the impacts of model parameters on the accuracy and 

efficiency of simulation results. 

1.6 Outline of Thesis 
This thesis consists of ten chapters. They are organized as Figure 1.2: 

• Chapter 1 begins with the research background of water cycle, rainfall 

events and watershed modeling, leading to the scientific questions. Then it briefly 

introduces the research objectives to fill the gaps, and gives an outline of the thesis. 

• Chapter 2 starts from the physical mechanisms and modeling strategies for 

the rainfall-runoff processes. From the aspects of development history, evolution 

trends, current state and classification system, a systematical review of previous 
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studies on watershed modeling is provided. 

• Chapter 3 introduces the conceptual framework of the particle-set 

hydrological model. This chapter consists of two main parts, the overall conceptual 

framework and the detailed design of model structure. 

 

Figure 1.2 Overall structure of this study of particle-set hydrological model. 

• Chapter 4 begins with the data requirements and the structures of input and 

output files. Then it introduces the function modules of terrain analysis, data 

preprocessing of hydrological modeling, and dynamic simulation with parallel 

framework. 

• Chapter 5 introduces the study area, data collection and common data 
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preprocessing procedures for evaluation experiments. 

• Chapter 6 conducts the experiment of accuracy validation. It is carried out 

in two phases, a mountainous area to validate accuracy in terrain analysis, and a 

gauged watershed to validate prediction accuracy in hydrological modeling. 

• Chapter 7 conducts the experiment for efficiency validation. It is undertaken 

based on the Peacheater Creek watershed with gauged data. A total of 10 rainfall 

events, and up to 128 processing units are tested and compared to demonstrate the 

efficiency performance in parallel computing. 

• Chapter 8 conducts the experiment for sensitivity analysis. It investigates 

the influences of spatial scale and sampling density on hydrological responses. 

• Chapter 9 begins with a comprehensive analysis of the experimental results. 

Then it tries to respond to the research objectives, summarize the contributions, and 

evaluate the shortcomings of this study. 

• Chapter 10 gives conclusions and prospects, including summary on research 

works, contributions to knowledge, and further efforts for improvements. 

 

 In summary, this chapter begins with an overall introduction of the research 

background, briefly reviews the studies on watershed modeling, and then carries 

out the research objectives. An overview of thesis structure is also presented. 
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Chapter 2 Literature Review 

This chapter aims to review the previous literatures in the fields of watershed 

mechanisms, model development, classification taxonomy, and support techniques. 

2.1 Watershed Process Mechanisms 
Hydrology is the study of the water cycle. The primary purpose of catchment 

hydrology is to understand the hydrological cycle from the point view of drainage 

basins. As one of the most important areas, the study on rainfall-runoff modeling 

aims mainly to answer the following three questions (Hewlett & Hibbert, 1967; 

McDonnell, 2003): 

• Where the water will go when it rains; 

• Which flow path the water will take to the drainage system; 

• How long the water will remain in the catchment. 

 The above questions can be explained by the mechanism of catchment 

hydrology. The destination, pathway and time of duration of water movements are 

controlled by the process of flow generating and the process of runoff routing, 

which are both affected by meteorological, geographical and topographical factors 

(McDonnell, 2003). More specifically, the catchment processes, such as canopy 

interception and soil infiltration, determine where the rainfall water will go as it 

rains. The terrain surface conditions affect the flow direction of overland water, 

since the power that drives the movements of water is gravity. In addition, the flow 

time in the catchment can be calculated by the flow length and velocity distribution, 

which can all be described by hydraulic equations. Therefore, this section reviews 

the studies on rainfall-runoff modeling from the following three aspects, (i) 

hydrological processes, (ii) routing algorithms, and (iii) hydraulic principles. 

2.1.1 Hydrologic principles of watershed processes 

The structure of hydrological processes is essential for understanding the 

mechanism of water cycle in catchment hydrology. In general, the water cycle at a 
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catchment scale consists of precipitation, interception, infiltration, runoff 

generation (surface flow, base flow and groundwater flow), evaporation, 

transpiration, and channel routing to the catchment outlet (Hewlett & Hibbert, 

1967). As illustrated in Figure 1.1 the hydrological processes are assigned into two 

groups, namely, (1) precipitation, evaporation and transpiration driven by the solar 

radiation, and (2) flow generation and runoff routing driven the earth gravity. 

 

Figure 2.1 Mechanisms of hydrological processes in watershed hydrology. 

 In the process of condensation, the atmospheric water vapor transforms into 

liquid droplets, and falls onto the land surface under the control of earth gravity. 

Some of the raindrops may become solid snow crystals or ice pellets when the 

temperature and moisture conditions are met. The precipitation water may also be 

intercepted by the plant canopy before falling to the ground surface. Part of the 

water is stored or absorbed by the vegetation, which may also release water vapor 

into the air with the processes of evaporation and transpiration. Once the rain or 

snowmelt water has reached the land surface, the overland water will infiltrate the 

surface soil, and only part of the rainfall will become surface flow and move under 

gravity (Beven, 2012). Besides, there are some internal moisture fluxes between the 
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surface soil and the groundwater zones, such as percolation, groundwater storage, 

and base flow. Some of the soil moisture and groundwater may become surface 

flow by seepage from lateral flow and subsurface flow. 

 The process of rainfall-runoff is an important part of the hydrological cycle 

that consists of runoff generation and runoff routing. Runoff generation controls 

how much rain and snowmelt water gets into the drainage system, and the process 

of runoff routing describes how the surface and subsurface flows are routed from 

the drainage system to the basin outlet (Beven, 2012). The generated and the 

transformed surface flow, driven by the earth gravity and topographic form, 

becomes surface runoff and keeps on moving in the drainage system until passing 

through the catchment outlet to the next catchment (C. Liu, Wang, Zheng, Zhang, 

& Wu, 2008). Meanwhile, the evaporation and transpiration (generally known as 

the evapotranspiration) processes continue to occur all through the rainfall-runoff 

process. The moisture water in surface soil and plants, overland open water and 

channel stream water will transport into the overlying atmosphere under the control 

of solar radiation (Y. Jiang, Liu, Li, Liu, & Wang, 2015). By the process of 

advection, the water moves in solid, liquid, or vapor states through the atmosphere, 

and becomes precipitation water somewhere and sometime. As a result, the 

precipitation water may remain in the catchment according to the vegetation, soil 

or ground conditions, or flow from the drainage system out into the next basin. 

 The process of flow generating mainly consists of canopy interception, soil 

infiltration and runoff generation. For most existing conceptual or physically-based 

hydrological models, the process of flow generating is usually simulated by the 

water balance equation (2.1). Equation (2.2) demonstrates the water balance in 

canopy (Ivanov, Vivoni, Bras, & Entekhabi, 2004a). 

 𝑃 = 𝑄 + 𝐸 + 𝛥𝑆 (2.1) 

 𝛥𝐶 = (1 − 𝑝)𝑃 − 𝐷 −
𝐶
𝐶𝑐
𝐸 (2.2) 
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where 𝑃 is the rainfall, 𝑄 represents the generated surface flow, 𝐸 consists of the 

evaporation and transpiration from plant, surface and soil, 𝐶 represents the water 

storage in canopy, 𝐷 represents the water movements from canopy to land surface 

(dripping), Δ𝐶 measures the changes in water storage in canopy, and Δ𝑆 measures 

the total changes in water storage of plant canopy, soil moisture and groundwater. 

Besides, 𝐶𝑐  is the canopy storage capacity, and the parameter 𝑝  is the free 

throughfall coefficient accounting for the effective rainfall volume. 

 As show in equation (2.3), The potential evaporation 𝐸  consists of 

evaporation from wet canopy 𝐸𝑐, transpiration from canopy 𝐸𝑡𝑐, and evaporation 

from bare soil surface 𝐸𝑠 . They are related to the meteorological and surface 

conditions, and under the control of moisture in the upper soil layer. The 

evaporation from canopy 𝐸𝑐  can be described by equation (2.4), while the 

transpiration from canopy 𝐸𝑡𝑐  can be estimated by equation (2.5). Besides, the 

evaporation from bare soil can be estimated by equation (2.6). 

where parameter 𝑣 is vegetation fraction, accounting for the proportion undergoing 

canopy and bare soil evaporation or transpiration, 𝛽𝑐 and 𝛽𝑠 respectively represent 

the canopy factor and the soil factor (Ivanov, Vivoni, Bras, & Entekhabi, 2004a). 

 𝐸 = 𝐸𝑐 + 𝐸𝑡𝑐 + 𝐸𝑠 (2.3) 

 𝐸𝑐 = {
𝑣𝐸, 𝐸𝑡𝑐 = 0, 𝐶 ≥ 𝐶𝑐

𝐶
𝐶𝑐
∙ 𝑣𝐸, 𝐸𝑡𝑐 > 0, 𝐶 < 𝐶𝑐

 (2.4) 

 𝐸𝑡𝑐 = 𝑣(𝐸 − 𝐸𝑐) ∙ 𝛽𝑐 (2.5) 

 𝐸𝑠 = (1 − 𝑣)𝐸 ∙ 𝛽𝑠 (2.6) 

 𝛽𝑠 = min (1,
𝜃100
0.75𝜃𝑠

) (2.7) 
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As shown in equation (2.7), the soil factor 𝛽𝑠 can be determined from the saturation 

soil moisture 𝜃𝑠 and the soil moisture in the top 100 mm of the soil column 𝜃100. 

 Based on the above estimations of water balance in canopy and soil surface, 

the production of surface flow can then be described. As shown in equation (2.8), 

the surface runoff 𝑄 is related to the rainfall 𝑃, actual evapotranspiration 𝐸, and 

change in water storage 𝛥𝑆 . At the beginning, the water storage 𝛥𝑆  starts to 

increase after the actual canopy interception and soil infiltration is greater than the 

actual evaporation and transpiration. Until they achieve the corresponding 

interception or infiltration capacity, there will be no surface runoff generated from 

the rainfall input. If the effective rainfall is more than the actual evapotranspiration 

and storage increase, the excess rainfall water will become surface runoff. As the 

rainfall continues, when the storage in canopy and soil surface achieves the capacity, 

most of the rainfall will become surface runoff except for the actual evaporation 

and transpiration. Storage in canopy and soil may decrease because of the decreased 

rainfall or accumulated radiation, return flow may be produced from lateral and 

groundwater flows. 

 In summary, the above structure of hydrological cycle in a catchment basin 

has literally explained where the water will go when it rains (C. Liu et al., 2008). 

The mechanism indicates that the overland and seepage water will move to the 

drainage system under the control of gravity, and then keep on moving along the 

channel streams. Numerous surface routing algorithms are developed to determine 

the specific flow path which the water takes (Pilesjö, Zhou, & Harrie, 1998). As to 

how long the water will take to flow out of the basin, it is one of the main goals to 

simulate the rainfall-runoff dynamics (Devia et al., 2015). 

 

 𝑄 = {

0, 𝑃 < 𝐸 + 𝛥𝑆, 𝛥𝑆 ≥ 0
𝑃 − 𝐸 − 𝛥𝑆, 𝑃 ≥ 𝐸 + 𝛥𝑆, 𝛥𝑆 ≥ 0

𝑃 − 𝐸, 𝑃 ≥ 𝐸 + 𝛥𝑆, 𝛥𝑆 = 0
𝑃 + (−𝛥𝑆) − 𝐸, 𝑃 ≥ 𝛥𝑆 + 𝐸, 𝛥𝑆 < 0

 (2.8) 
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2.1.2 Routing algorithms for surface runoff 

For surface flow dynamics simulating, a key challenge is how to model the flow 

movement over the land surface (Q. Zhou, Liu, & Sun, 2006). For GIS-supported 

runoff simulation approaches, the flow movements can be defined by the flow 

direction, the flow with, the flow path and the flow network. 

 The flow paths for runoff routing are extracted from terrain models. Table 

2.1 lists the two main kinds of flow routing algorithms to determine the flow 

direction on the underlying surface in watershed. From the perspective of terrain 

model, they are classified as gridded DEM-based and TIN-based algorithms. The 

former algorithms are performed by calculating flow accumulations on a gridded 

or partitioned DEM, while the latter methods are performed by tracking gradient 

directions over a triangular fact network model. In this sense, they can also be 

regarded as raster-based or vector-based methods (Y. Chen et al., 2014). 

Table 2.1 The flow routing algorithms of path delineation over terrain models. 

Model Algorithm Description Source 

Gridded 
DEM 

D8 single direction 
eight neighbor grid cells 

(O'Callaghan & Mark, 1984) 

ρ8/Rho8 (Fairfield & Leymarie, 1991) 

QMFD 

multiple directions 
allocation by micro-topography 

(slope)  

(Quinn, Beven, Chevallier, & 
Planchon, 1991) 

FMFD (Freeman, 1991) 

HMFD (Holmgren, 1994) 

MFD-md (Qin et al., 2007) 

D∞/Dinf (Tarboton, 1991) 

DEMON 

multiple directions 
triangular subdivision 

allocation by micro-topography 
(slope, flow width, aspect) 

  

(Costa-Cabral & Burges, 1994) 

D8-LAD (Orlandini, Moretti, Franchini, 
Aldighieri, & Testa, 2003) D8-LTD 

MD∞ (Seibert & McGlynn, 2007) 

TFM (Pilesjö & Hasan, 2014) 

MFM multiple directions 
rectangular subdivision (Gruber & Peckham, 2008) 
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TIN 

TFN triangular subdivision 
gradient tracking 

(Q. Zhou, Pilesjö, & Chen, 
2011) 

Steepest Delaunay TIN (Voronoi) 
steepest direction tracking 

(N. L. Jones, Wright, & 
Maidment, 1990) 

CHILD (Tucker, Lancaster, Gasparini, 
& Bras, 2001a) 

tRIBS 
hydrologic TIN (drainage feature) 

flow paths (networks) 

(Ivanov, Vivoni, Bras, & 
Entekhabi, 2004a) 

PIDM (Qu & Duffy, 2007) 

FPN (Y. Chen et al., 2014) 

 

 In DEM-based algorithms, as demonstrated by Table 2.1 and Figure 2.2 (a), 

a gridded DEM is used as a raster elevation grid to determine the flow direction and 

calculate the upstream flow accumulation area for each grid cell (Freeman, 1991). 

Therefore, these algorithms may differ in determination of flow direction or 

calculation of flow accumulation. For the difference in determination of flow 

direction on grid cell, these algorithms are classified as single flow direction (SFD) 

and multiple flow direction (MFD) methods (Pilesjö & Hasan, 2014). The former 

methods do not allow flow divergence and restrict the flow direction to only one 

downslope direction at a time, while the latter methods allow flow divergence and 

consider that the surface flow can be transported to more than one direction. 

 

Figure 2.2 The surface flow direction algorithms on grid and triangular facets. 
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 The D8 algorithm, as the most commonly-used SFD method, O'Callaghan 

and Mark (1984) determined the flow direction of each grid cell to the lowest of its 

neighbor cells by assigning a √2 factor for the diagonal neighbor cells. That is, the 

outflow from the central grid cell will be totally transported to one of the eight 

neighbor cells. Fairfield and Leymarie (1991) subsequently broke this limit by 

assigning a degree of randomness to the selection of steepest direction.  

 𝑑 = {𝑑𝑖| arg max
1≤𝑖≤8

(tan𝛽𝑖)} (2.9) 

 tan𝛽𝑖 = {
(ℎ0 − ℎ𝑖) 𝑙⁄ for 𝑖 ∈ {2, 4, 6, 8}
(ℎ0 − ℎ𝑖) √2𝑙⁄ for  𝑖 ∈ {1, 3, 5, 7}

 (2.10) 

where 𝑑 is the steepest direction, 𝑑𝑖 means the direction from the central cell to its 

cardinal or diagonal neighbor cells, 𝛽𝑖 means the grid-based slope angle along the 

direction 𝑑𝑖, ℎ0 is the elevation on the central cell, ℎ𝑖 is that on its neighbors, 𝑙 is 

the distance between the central cell to one of its cardinal neighbor cells. 

 With the consideration of flow divergence, there are a series of MFD 

methods to allow flow allocation of surface water volume on the central grid cell 

(Costa-Cabral & Burges, 1994; Freeman, 1991; Holmgren, 1994; Qin et al., 2007; 

Quinn et al., 1991). As demonstrated in Figure 2.2 (a), the outflow from the central 

grid cell is assumed to be shared by its lower neighbor cells (may be more than one). 

The proportion of the outflow from the central grid cell to one of its lower neighbor 

cells is determined by the following equation (2.11). 

where 𝑝𝑖  is the proportion of the outflow from the central grid cell to the 𝑖-th 

 𝑝𝑖 =
(tan𝛽𝑖)𝑣 × 𝑙𝑖

∑ ((tan𝛽𝑗)
𝑣
× 𝑙𝑗)8

𝑗=1
 (2.11) 

 𝑙𝑖 = {
𝑎 2⁄ for 𝑖 ∈ {2, 4, 6, 8}
𝑎 2√2⁄ for  𝑖 ∈ {1, 3, 5, 7}

 (2.12) 
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neighbor cell which has a lower elevation than the central cell, 𝑣 represents an 

undetermined weighting exponent, and 𝑎 is the size of the grid cell.  

 The exponent parameter 𝑣 is not involved by Quinn et al. (1991) in QMFD, 

but it can be regarded as a constant value of 1. Freeman (1991) firstly used the 

exponent 𝑣, and determined its value to 1.1 by calibration experiments of error 

analysis. Holmgren (1994) suggested that the value of weighting exponent 𝑣 should 

be between 4 and 6, and without the consideration of the √2 factor in the diagonal 

direction. Holmgren (1994) also pointed out that the SFD can be regarded as a 

special case of MFD under the extreme condition that 𝑣 tends to be infinite. That 

is, the larger the value of 𝑣, the more similar MFD is to SFD. On the basis of this 

concept, Qin et al. (2007) proposed an adaptive MFD algorithm based on maximum 

downslope gradient (MFD-md) by assigning a varying flow-partition value to the 

weighting exponent 𝑣. 

where 𝑣𝑘  is the weighting exponent for the 𝑘 -th grid cell in the application 

catchment, 𝐴𝑘  is the pre-determined flow accumulation on the 𝑘 -th cell, 𝐴0 

represents the accumulation threshold of channel initiation, and ℎ  is a positive 

constant for controlling the varying speed. 

 Besides, as shown in Figure 2.2 (a), some other MFD methods are 

performed based on a subdivision structure of gridded DEM (Gruber & Peckham, 

2008; Orlandini et al., 2003; Pilesjö & Hasan, 2014; Seibert & McGlynn, 2007; 

Tarboton, 1997). The grid structure is further divided into regular triangles or 

rectangles, and the flow accumulation is calculated for the partitioned facets. 

Tarboton (1997) proposed the D∞ or Dinf algorithm to determine the single flow 

direction within a 45° (π/4 radian) angle range of the central cell. Alternatively, the 

grid structure can be thought of as a triangulated network by linking the central cell 

center to its eight neighbor cell centers. In each 45° downslope triangular facet, the 

 𝑣𝑘 = (
𝐴𝑘
𝐴0
+ 1)

ℎ

 (2.13) 
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slope is calculated by equation (2.14), and the flow direction can then be in any 

direction (meaning infinite directions, D∞).  

where tan𝛽1and tan𝛽2 are the left side and the right side of the triangular facet, 

both with a positive value that means a downslope direction. 

 Orlandini et al. (2003) modified the simple D8 algorithm by introducing the 

micro-topography of flow width (𝛿1 and 𝛿2), and angle between flow direction and 

cardinal or diagonal directions ( 𝛼1  and 𝛼2 ), to determine the multiple flow 

directions. As illustrated in Figure 2.3 (a), the flow width can be calculated by the 

following equation when the flow direction is determined. 

where 𝑎 is the size of grid cell, and 𝜃 represents the flow direction. 

 

Figure 2.3 The determination of flow width and flow path network. 
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 𝑠𝑖 = √(tan𝛽1)2 + (tan𝛽2)2 (2.14) 

 {𝐿1 = 𝑎 ∙ sin 𝜃𝐿2 = 𝑎 ∙ cos 𝜃
 (2.15) 

 𝐿 = 𝐿1 + 𝐿2 (2.16) 
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 The D8-LAD method ensures the least angular deviation (LAD) by 

comparing the two angles, while the D8-LTD method ensures the least transversal 

deviation (LTD) by comparing the two distances. Seibert and McGlynn (2007) 

proposed the MFD method called MD∞ by further developing the D∞ method. 

Flow divergence is allowed between the eight 45° triangular facets, and the flow 

accumulation is allocated to more than one facet according to the distribution of 

downslope flow direction. As shown in Figure 2.2 (b), Pilesjö and Hasan (2014) 

presented a triangular form-based MFD method (TFM) by introducing the varying 

weighting exponent used by Qin et al. (2007) to the subdivision structure. In 

addition, as shown in Figure 2.2 (b), Gruber and Peckham (2008) proposed a mass-

flux method (MFM) by dividing each grid cell into rectangular facets by linking the 

central cell to its four cardinal neighbor cells, and allocating the flow accumulation 

to its four corner sub-cells. 

 Pilesjö et al. (1998) pointed out that the SFD algorithms can produce 

satisfactory outcomes over horizontally concave surfaces where convergence of 

flow is assumed, and the MFD algorithms are more likely to be applied over plane 

or horizontally convex slopes. The two kinds of algorithms are usually combined 

for modeling surface flow over real-world catchments. However, Zhou and Liu 

(2004) confirmed that the uncertainty in derivation of hydrological parameters can 

partly be explained by the grid data structure that generally requires interpolation 

from irregular point elevations. In comparison, with a constant slope and aspect on 

each facet, the TIN structure has proven to be considerably more consistent for the 

estimation of surface flow over a surface (Q. Zhou et al., 2011). 

 In TIN-based algorithms, a vector-based flow path tracking method is used 

to delineate the flow pathways along the flow directions on each triangular facet. 

As shown in Figure 2.3 (b), Zhou et al. (Q. Zhou et al., 2011) presented a triangular 

facet network (TFN) model to delineate flow routing pathways over a regularly 

triangular structure, which is generated by linking the diagonal neighbor cell centers 

according to the fitness between the triangular facets and the grid cells. Based on 

irregularly triangular structure, Jones et al. (1990) and Tucker et al. (2001a) 



 

22 

respectively used the Delaunay TIN and Voronoi map (dual graph) to delineate the 

flow routing paths along the steepest downslope direction on the triangular facets. 

Vivoni et al. (Vivoni, Ivanov, Bras, & Entekhabi, 2004) suggested that the 

hydrologic similarity of TIN structure plays a key role in hydrological modeling. 

Ivanov et al. (2004a), Qu and Duffy (2007), and Chen et al. (2014) produced the 

drainage system over a hydrologic TIN structure, which is generated by embedding 

the ancillary drainage features into the Delaunay TIN structure. The flow-path 

network (FPN) model proposed by Chen et al. (2014) is further developed in this 

study, because the drainage-constrained TIN is created only from a gridded DEM 

without any other ancillary data.  

2.1.3 Hydraulic principles of flow concentration 

Watershed flow concentration accounts for the routing process of surface runoff in 

a catchment. As characterized by topography, the flow concentration over land can 

be described with hydraulic principles. While the hydrologic principles focus on 

the effects of watershed conditions on runoff generation mechanisms, the hydraulic 

principles focus on the effects of topography on spatial distribution of flow 

characteristics, such as water depth and flow velocity (Moore & Grayson, 1991).  

 Watershed hydraulic principles have been studied and applied for more than 

one and a half century. The rational method developed by the Irish engineer Thomas 

James Mulvaney in 1851 is believed to be the first rainfall-runoff model (Beven, 

2012). As shown in equation (2.17), the Mulvaney equation predicts only the peak 

discharge 𝑄𝑝𝑒𝑎𝑘  from the watershed average rainfall intensity �̅� , but not the 

hydrograph of the whole catchment over time. 

where 𝐴 is the area of the watershed, and 𝑐 is an undetermined scaling coefficient.  

 In the rational model, the discharge is expected to increase with catchment 

area and rainfall intensity, though there is no attempt to distinguish the different 

 𝑄𝑝𝑒𝑎𝑘 = 𝑐𝐴�̅� (2.17) 
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effects of flow generating and runoff routing. The coefficient 𝑐 is usually calibrated 

by field observations of rainfall intensity and discharge. That is, this coefficient is 

not a constant parameter, but varies in different catchments or rainfall events. There 

is a linear assumption between the peak discharge and watershed average rainfall 

intensity in the rational method. In fact, the temporal variation in discharge at the 

watershed outlet is believed to be nonlinearly related to the distributed underlying 

conditions and the changing rainfall intensities (Moore & Grayson, 1991). 

 In 1932, Sherman developed the unit hydrograph method to predict the 

watershed flow concentration responses to a rainfall event with an even distribution 

in space (Rui, Yu, Liu, & Gong, 2008). In the same year, Velikanov developed the 

isochronal method based on the area-time curve concept proposed by Ross in 1921, 

representing the time delays for surface flow from each region in the catchment 

(Beven, 2012). Rodriguez-Iturbe and Valdes (1979) developed the instantaneous 

unit hydrograph (IUH) to estimate the hydrological responses with the support of 

geomorphologic parameters. Table 2.2 shows the comparisons of variations in 

spatial and temporal assumptions of rainfall intensity and runoff velocity. As the 

simulation of watershed flow concentration has become increasingly important in 

hydrological modeling and environmental assessment, further attention should be 

paid to not only the temporal variation in discharge at the watershed outlet, but also 

the spatial and temporal variations in water depth and runoff velocity throughout 

the watershed (Moore & Grayson, 1991). 

 As illustrated in Table 2.2, the process of runoff routing in a real-world 

catchment should be dynamically described based on the field distributions of 

rainfall intensity and runoff velocity. Spatial variation of rainfall intensity is 

generally believed to be more important than the temporal variation especially in 

large-area watersheds (Beven, 2012). The rainfall intensity may vary rapidly in both 

time and space, and the development of precipitation radar system has significantly 

improved the acquisition of temporal and spatial variations of rainfall intensity. The 

distributed meteorological data including rainfall and temperature can be obtained 

from radar rainfall measurement instead of gauge-measured volumes.  
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Table 2.2 The spatial and temporal variations in rainfall-runoff process. 

Method 
Rainfall intensity Runoff velocity 

Discharge Year 
spatial temporal spatial temporal 

rational method - average - - peak 1851 

area-time uniform uniform - - temporal 1921 

isochronal method distributed uniform uniform - temporal 1932 

unit hydrograph uniform superposition - - temporal 1932 

instantaneous UH distributed superposition distributed - temporal 1979 

real world distributed distributed distributed distributed dynamics - 

 The field distribution of runoff velocity in space and time relies mainly on 

topographic and geographic conditions, such as terrain slope and surface roughness. 

The Manning’s equation also known as the Gauckler-Manning formula, proposed 

and developed respectively by the French engineer Philippe Gauckler in 1867 and 

the Irish engineer Robert Manning in 1890, is widely used empirical formula for 

estimating the average velocity of a liquid flowing in a conduit. As driven by the 

earth gravity, the flow velocity in channels can be calculated by the following 

Manning's equation (Rui et al., 2008).  

where 𝑣 is the mean flow velocity at the cross section of a section of channel bed, 

𝑛 is the so-called Gauckler-Manning coefficient representing the roughness on the 

channel bed, 𝑅ℎ represents the hydraulic radius relating to the water depth and the 

cross-sectional shape, and 𝑆𝑤 is the slope of the hydraulic grade line representing 

the slope of water surface.  

 The hydraulic radius varies to the water volume in space and time, and can 

be calculated by equation (2.19). That is, the deeper the channel, the greater 

hydraulic radius will be, the larger amount of rainfall input, the greater hydraulic 

radius will be. Besides, the hydraulic slope equals to the terrain slope of the channel 

bed when the water depth is constantly distributed along the channel section.  

 𝑣 =
1
𝑛
𝑅ℎ
2
3𝑆𝑤

1
2 (2.18) 
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where 𝑅ℎ  is the instantaneous hydraulic radius in the channel, 𝐴𝑐  represents the 

cross-sectional area in channel, and 𝑃𝑤 is the wetted perimeter representing the total 

length of cross sectional area under the water. 

 The Manning coefficient 𝑛  is related to the soil type on the watershed 

surface. According to the Manning's equation (2.18), the greater the Manning 

coefficient, the larger the surface roughness is, and slower the mean flow velocity 

will be. Table 2.3 lists the empirical values for the determination of Gauckler-

Manning coefficient for natural streams (Hardy, Panja, & Mathias, 2005).  

Table 2.3 The determination of Manning coefficient (Hardy et al., 2005). 

Material Underlying condition Manning coefficient 𝒏  

Main channels   

 clean and straight 0.030 

 major rivers 0.035 

 sluggish with deep pools 0.040 

Mountain streams   

 gravels, cobbles, and few boulders 0.040 

 cobbles with large boulders 0.050 

Flood plains   

 pasture, farmland 0.035 

 light brush 0.050 

 heavy brush 0.075 

 trees 0.150 

 That is, the basic value of Manning coefficient 𝑛 is between 0.03 and 0.15. 

The flood plains have larger surface roughness than the mountainous areas, and the 

mountainous streams have larger surface roughness than main channels. From the 

point view of land cover, the heavier the brush, the larger the surface roughness is. 

 𝑅ℎ =
𝐴𝑐
𝑃𝑤

 (2.19) 
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 When the field distributions of rainfall intensity and runoff velocity are 

determined, the unit hydrograph can then be estimated. Based on the concept of 

area-time, the watershed is represented by a set of random points, and the spatial 

and temporal variations of surface runoffs depend on the time delay from a starting 

point to the outlet along its flow path (Rui et al., 2008). For each point in a 

watershed, the flow concentration time and length are calculated by equation (2.20), 

and the volume discharge at the cross section of the watershed outlet can be 

accumulated by equation (2.21).  

where 𝑡𝑖 is the concentration time from the 𝑖-th point to the watershed outlet, 𝑛𝑖,𝑗 is 

the number of the path segments on the flow path, 𝑙𝑖,𝑗 means the length of the 𝑗-th 

path segment, 𝑣𝑖,𝑗 represents the mean runoff velocity on the 𝑗-th path segment. 𝑁𝑖 

is the total number of starting points representing the watershed, 𝐴(𝑡𝑖) denotes the 

total area of watershed parts with a concentration time of 𝑡𝑖 , and ℎ𝑖(𝑡 − 𝑡𝑖) 

represents the instantaneous rainfall volume at the 𝑖-th point and time 𝑡 − 𝑡𝑖. 

2.2 Development History of Watershed Models 
Watershed models were originally developed to predict peak discharges at cross 

section of basin outlet (Beven, 2012). With the developments in computer 

technology, more and more distributed hydrological models have been developed 

and applied to the simulation of watershed processes (Devia et al., 2015). This 

section provides a brief overview of the growing watershed models. 

2.2.1 Brief history 

Over almost a century and a half, the developments of watershed models were 

largely driven by data availability, measuring devices, and computing methods 

(Moradkhani & Sorooshian, 2008). They have undergone three evolution stages, 

 𝑡𝑖 =∑
𝑙𝑖,𝑗
𝑣𝑖,𝑗

𝑛𝑖,𝑗

𝑗=1
 (2.20) 

 𝑞(𝑡) =∑ 𝐴(𝑡𝑖)ℎ𝑖(𝑡 − 𝑡𝑖)
𝑁𝑖

𝑖=1
 (2.21) 
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namely, driven by field data, conceptual elements and physical responses. 

(1) data-driven models 

In the early stages, the hydrological models were limited generally by measuring 

techniques and data availabilities. These empirically-based lumped models regards 

the watershed as a whole, and quantifies the relationship between runoff production 

and rainfall intensity based on historical observations. Without considering 

distributed basin factors, these so-called empirical models or black boxes use 

ordinary differential equations (ODE) to predict the runoff output from rainfall 

inputs (Devia et al., 2015). 

 The Mulvaney rational method proposed in the year of 1851 is believed to 

be the first data-driven model. This simplified model predicts only the peak 

discharge from watershed area and rainfall intensities (Beven, 2012). The growing 

correlation analysis and regression analysis methods have improved the data-driven 

models. The non-linear relationships between runoff generation and multiple 

watershed factors are explained by complicated machine learning techniques, such 

as artificial neural networks (ANN) (C. L. Wu, Chau, & Li, 2009), support vector 

machines (SVM) (Lin, Cheng, & Chau, 2006), and classification and regression 

tree (CART) (Iorgulescu & Beven, 2004).  

 The data-driven models require only field observations, and they come with 

two advantages, ease of use and fast implementation. The disadvantage is lack of 

flexibility and interpretability, an empirical watershed model may need to be 

adjusted before using in different conditions. As development continues, the 

lumped hydrological models have been improved from two main aspects, 

watershed partition and driving mechanism (Devia et al., 2015). They supplement 

and promote each other, which are the two aspects of the same developing process. 

The partition scheme of watershed has made the transition from lumped models, to 

semi-distributed models, to distributed models. The developing mechanisms have 

witnessed the shift from empirical, to conceptual, to physically-based models. 
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(2) concept-driven models 

With the emergence and popularity of digital computers in 1960s, the parametric 

models began to appear (Beven, 2012). These models separate the whole watershed 

into different elements, including the atmosphere overhead, vegetation canopy, 

underlying surface, drainage system and underground soil (Moradkhani & 

Sorooshian, 2008). Partial differential equations (PDE) are introduced to describe 

the water and energy balance between the watershed elements, including the 

precipitation, canopy interception, soil infiltration, surface runoff, evaporation and 

transpiration (C. Liu et al., 2008).  

 The Stanford Watershed Model developed by Crawford and Linsley (1966) 

is believed to be the first and a notably successful conceptual model. As a typical 

lumped model, this model treats the catchment area as a whole, and it uses water 

balance to estimate runoff generation based on watershed factors such as plant 

cover and soil type (Beven, 2012). The above mentioned SCS-CN method is further 

modified by segmenting the watershed into sub-basins (Arnold et al., 1993; 1998). 

The production of surface runoff is believed to be related to the rainfall, soil and 

underground retention. A curve number, retrieved from geographic and topographic 

characteristics, is assigned to describe hydrological responses of sub-basins. The 

distributed hydrological models such as SWAT can describe spatio-temporal runoff 

production and transportation in watersheds (Ghoraba, 2015). 

 The concept-driven watershed models introduce hydrological parameters 

for describing responses of different elements, and still require field data for model 

calibration. Semi-distributed conceptual models, such as Xinanjiang model (Zhao, 

1992) and Variable Infiltration Capacity (VIC) model (Wood, Lettenmaier, & 

Zartarian, 1992), may need large amounts of parameters because it needs different 

descriptions for different sub-basins. These so-called conceptual models or grey 

boxes are also easy to implement if the distributed parameters can be calibrated 

with distributed field data (Beven, 2012). Due to the limitation of empirical 

hypotheses, the concept-driven models still have much room for improvements.  
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(3) physics-driven models 

The increasing remote sensing techniques and GIS capabilities have significantly 

enriched the field data sources and expanded the use of hydrological models (Beven, 

2012). Different from the description of water or energy balance between watershed 

elements in the concept-driven models, the physics-driven models develop physical 

parameters for detailed description of hydrological responses. From perspective of 

underlying surface partition, the watershed is divided into smaller hydrological 

response units (HRUs) with homogeneous soil, vegetation and topographic 

characteristics (Devia et al., 2015). From the mechanism perspective, the physics-

based models have gradually improved the water balance PDEs with physically 

realistic, process-based equations (Grayson, Moore, & McMahon, 1992a; 1992b). 

The spatial variabilities of flow processes within watersheds are more realistically 

represented in physics-driven models than those in conceptual models. 

 Grayson et al (2002) points out that accurate representation of runoff 

processes depends largely on accurate representation of topographic characteristics. 

The main reason is that the many aspects of hydrological responses are determined 

by geographical and topographical factors. From the perspective of underlying 

terrain representation, the physics-driven models are classified into three broad 

categories, (1) contour-based models such as the Topographic Analysis Programs 

for the Environmental Sciences-Contour (TAPES-C) model (Moore & Grayson, 

1991) and the subsequent THALES 1  hydrological model (Grayson, Moore, & 

McMahon, 1992a; 1992b), (2) grid-based models such as the well-known 

TOPMODEL (Beven & Kirkby, 1979), European Hydrological System (SHE) 

(Abbott, Bathurst, Cunge, & O'Connell, 1986a; Abbott, Bathurst, Cunge, O'Connell, 

& Rasmussen, 1986b) and SWAT model (Arnold et al., 1993; 1998), and (3) TIN-

                                                 

1  THALES is named after Thales of Miletus who recognized the influence of 
topography on runoff generation, he is a Greek philosopher from Miletus in Asia 
Minor (Grayson, Moore, & McMahon, 1992a; 1992b). 
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based models such as Real-time Integrated Basin Simulator (tRIBS) (Ivanov, 

Vivoni, Bras, & Entekhabi, 2004a) and Penn State Integrated Hydrologic Model 

(PIHM) (Qu & Duffy, 2007). 

 Taking the contour-based TAPES-C model as an example, the catchment is 

partitioned into interconnected elements over vector contour line data. Two 

hydrologic models are structured based on the hydraulics of flow to simulate the 

subsurface and surface runoff processes within the catchment respectively. This 

physics-driven model directly investigates the influence of topography on runoff 

production, and realistically describes the spatially distributed runoff characteristics 

such as flow depth and velocity (Moore & Grayson, 1991). 

 The physics-driven models involve hydraulic parameters for processes 

description, and determine the spatial and temporal variation in hydrologic 

responses to meteorological and hydrological inputs (Beven, 2012). As the growing 

amount of distributed field data, fully distributed hydrological model such as SHE 

and SWAT have become more and more widely used in watershed modeling (Devia 

et al., 2015). These so-called physically-based models or white boxes are more 

flexible in application, but there are also some shortcomings, such as model 

complexity, over-parameterization and computing burdens. 

2.2.2 Evolutionary trends 

With support from terrain analysis, the watershed models have undergone three 

main stages, empirical lumped, conceptual semi-distributed and physically-based 

distributed hydrological models (Devia et al., 2015).  

 Figure 2.4 demonstrates development of watershed models supporting by 

terrain models and parameters. In the early stage, the data-driven watershed models 

considered only historical field observations of rainfall intensity and outlet 

discharge (Devia et al., 2015). Several trends can help to better understand the 

developments in watershed modeling over the past decades, including realistic 

representation of watershed surface, physical description of hydrologic responses, 

and high-performance simulation of processes. 
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 With the increasing support from terrain representation, the concept-driven 

models introduced the hydrological concepts such as water balance and energy 

balance in a watershed, and developed ODEs and PDEs to describe the water 

exchanges between the conceptual elements such as rainfall intensity, canopy 

interception, soil infiltration and surface flow (Crawford & Linsley, 1966). With 

the advancement of remote sensing, GIS and terrain analysis techniques, the 

physics-driven models divide the watershed into HRUs with homogeneous soil, 

vegetation and topographic characteristics, and relate hydrological responses more 

directly to the physical mechanisms (Abbott, Bathurst, Cunge, & O'Connell, 1986a; 

Abbott, Bathurst, Cunge, O'Connell, & Rasmussen, 1986b; Arnold et al., 1998). 

 

Figure 2.4 The developments of terrain analysis and watershed models. 

 From the perspective of underlying partition, as shown by Figure 2.4, the 

lumped hydrological models represented the watershed as a black box, such as the 

rational method and unit hydrograph method (Beven, 2012). The application of 

terrain models or terrain analysis is quite limited. Taking the rational method shown 

in equation (2.17) as an example, the area 𝐴 is merely a statistical description of the 

watershed. The conceptual semi-distributed hydrological models represented the 
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Linsley in (Crawford & Linsley, 1966). The terrain models such as gridded DEM 

and triangulated facets are applied to divide the watershed into sub-basins, and 

terrain analysis algorithms such as raster-based flow accumulation and vector-

based flow routing are applied to estimate the spatial variations of surface water. 

The water exchanges in different sub-basins are respectively calculated form 

different hydrological, geographical and topographical parameters. As the 

development of terrain analysis continues, the physically-based distributed models 

represented the watershed as a white box, such as the SHE and SWAT model 

(Abbott, Bathurst, Cunge, & O'Connell, 1986a; Abbott, Bathurst, Cunge, O'Connell, 

& Rasmussen, 1986b; Arnold et al., 1998). The terrain factors such as terrain slope 

and aspect are used to calculate hydrologic and hydraulic parameters to support the 

physical description of hydrological processes. The watershed underlying surface 

is subdivided into HRUs, such as gridded units, TIN facets and flow path lines. 

More and more detailed spatial-temporal variations in surface runoff are simulated. 

(1) surface representation 

The watershed models have undergone from lumped models to semi-distributed 

models, and to fully-distributed models. As discussed above, early lumped models 

treat the catchment as a whole (Beven, 2012). Considering the spatial variation in 

topography and geomorphology, the subsequent semi-distributed models divide the 

watershed into sub-basins or surface blocks (Devia et al., 2015). To investigate the 

hydrological responses to meteorological, geographical and topographical factors 

within the watershed, the fully-distributed models use physical structures or HRUs 

with smaller size as the analysis units (Moore & Grayson, 1991). 

 Empirical lumped hydrological models focus mainly on the prediction of 

overall watershed responses to rainfall events. These black boxes are easy to 

implement, but lack of explanatory power for the process details. In those 

conceptual semi-distributed hydrological models, taking the TOPMODEL model 

as an example, the underlying watershed was represented by regularly rectangular 

facets and divided into sub-basins to support estimation of semi-distributed 
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hydrological responses (Beven & Kirkby, 1979). With the support of hydrologic 

indicators such as the topographic wetness index (TWI) in equation (2.22) and soil 

infiltration capacity, the TOPMODEL model merely provide a static estimation of 

rainfall distribution between the conceptual elements. Moreover, the model 

parameters rely too much on field data of meteorological, geographical and 

topographic characteristics, both empirical and conceptual hydrological models are 

inflexible from catchment to catchment, especially for those ungauged watersheds 

(Beven, 2012).  

 The physically-based, distributed models have proven to be practical and 

reliable in watershed modeling. The implementation of these white boxes relies on 

the realistic representation of watershed surface and hydrologic processes. Abbott 

et al. (1986a; 1986b) proposed the SHE model by representing the underlying 

watershed with a three-dimensional grid structure, which is similar to the 

representation of watershed in TOPMODEL. Arnold et al. (Arnold et al., 1993) 

developed the SWAT model by representing the watershed surface by an irregular 

polygonal tessellation. Ivanov et al. (2004a) and Qu and Duffy (2007) respectively 

used the irregular triangular tessellation to represent the underlying surface. 

 As shown in Figure 2.5 and Table 2.4, the representations of watershed in 

several typical physically-based, distributed hydrological models are illustrated and 

compared. Figure 2.5 (a) shows the representation of watershed underlying surface 

in the SHE framework. As firstly proposed in (1986a; 1986b), the SHE model was 

successfully implemented and commercially operated by the Danish Hydraulic 

Institute (DHI) (Keilholz, Disse, & Halik, 2015). As illustrated by the scheme in 

Figure 2.5 (a), the underlying watershed surface is divided into layered rectangular 

facets. Surface and subsurface flow discharges are respectively represented by the 

water fluxes in horizontally adjacent cells, while the water exchanges between 

vertically layered cells represent the process of flow production, including rainfall, 

infiltration, seepage, recharge and evaporation and transpiration. 
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Figure 2.5 The representation of watershed in typical distributed model. 

 Different from the grid structure, the TIN structure has also been applied to 

represent the watershed surface because of the advantages of data storage efficiency, 

terrain feature retention and spatial scale adaptability. Figure 2.5 (b) illustrates the 

generation of HRUs in SWAT model. The SWAT model divided the underlying 

watershed into two-dimensional irregular polygons by overlapping the sub-basins 

with the reclassified maps of terrain slope, land use and land cover (LULC) and soil 

group characteristics (Arnold et al., 1993; 1998). Daily or monthly water exchanges 

in different sub-basins were estimated using the indicators of soil infiltration 

capacity and potential evapotranspiration of HRUs.
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Table 2.4 The comparisons of physically-based distributed watershed models. 

Items\Model SHE SWAT tRIBS PIHM 

authors 
(Abbott, Bathurst, Cunge, & O'Connell, 

1986a; Abbott, Bathurst, Cunge, 
O'Connell, & Rasmussen, 1986b) 

(Arnold et al., 1993; 1998) (Ivanov, Vivoni, Bras, & 
Entekhabi, 2004a) (Qu & Duffy, 2007) 

author 
institution 

IHE (The Netherlands) 
Institute of Hydrology (UK) 

SOGREAH (France) 
DHI (Demark) 

Department of Agriculture 
 (United States) 

Massachusetts Institute of 
Technology 

(United States) 

Pennsylvania State 
University 

(United States) 

watershed 
process 

all rainfall-runoff processes 
groundwater-surface water interaction  

all rainfall-runoff processes 
runoff production 

soil infiltration-excess 
saturation-excess runoff 

groundwater-surface water 
overland flow-infiltration 

temporal input wide application range continuous days hourly, daily hourly, daily 

spatial scale river channel, basin scale basin scale basin scale basin scale 

implementation  MIKE SHE ArcSWAT tRIBS DHM PIHMgis 

programming integrated system ArcGIS extension C++, PostGIS,  C/C++, Quantum GIS 

developer DHI (Demark) Texas A&M Ralph M. Parsons Laboratory 
(MIT) 

Christopher J. Duffy Lab 
(PSU) 

platform Windows Windows independent Windows, Mac OS X 

extensibility MIKE API data-driven framework source code source code 

GUI MIKE software package ArcView R, ArcInfo, MATLAB Quantum GIS 

accessibility commercial freely available open source open source 

address https://www.mikepoweredbydhi.com http://swat.tamu.edu http://vivoni.asu.edu/tribs.html http://www.pihm.psu.edu 

spatial unit layered grid overlapped patch triangular facet layered triangular facet 
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 Besides, the processes of surface and subsurface flow transportation were 

simulated by the stream lines that link the sub-basins. Qu and Duffy (2007) 

developed a unified strategy for process description by combining ODEs of water 

balance and PDEs of hydrologic process in the PIHM. Different from the gridded 

DEM in SWAT and SHE model, as shown in Figure 2.5 (c), a TIN structure was 

created to represent the underlying surface in the PIHM. Similar with the layered 

rectangular facets in SHE framework, the layered triangular facets in the PIHM can 

also make horizontal and vertical responses to the rainfall inputs. Before then, the 

tRIBS developed by Ivanov et al. (2004a) also represents the underlying watershed 

surface with a hydrologic TIN structure. As shown in Figure 2.5 (d), a TIN structure 

is created from discrete terrain points and ancillary channel streams. Similarly, 

hydrological responses in both the process of flow generation and the process of 

runoff routing are estimated on these two-dimensional triangular facets. 

 The partition of underlying surface relies on spatial resolution of the terrain 

model. With the growing of remotely sensed data and GIS techniques, DEMs with 

higher spatial resolution have been utilized widely in watershed modeling (Beven, 

2012). Spatial data processing and terrain analysis techniques have significantly 

improved distributed hydrological modeling. Taking the grid-based SWAT model 

as an example, the HRUs are generated by overlapping the layers of soil type, land 

cover and slope level (Winchell, Srinivasan, Di Luzio, & Arnold, 2013). For 

another example, the TIN-based tRIBS model use the scale-adaptive triangular 

facets as the HRUs (Ivanov, Vivoni, Bras, & Entekhabi, 2004a). With the 

improvements in underlying surface partition, the spatially distributed hydrological 

models are proven to have more potential for high resolution simulation of rainfall-

runoff processes (Ivanov, Vivoni, Bras, & Entekhabi, 2004b; Nguyen et al., 2015).  

 In summary, the realistic representation of the underlying surface is quite 

essential to modeling the hydrological processes in a watershed. Estimations of 

hydrological responses in physically-based models are obtained by physically 

describing the watershed processes. As a dominant factor, the underlying terrain 

conditions play a fundamental role in distributed watershed modeling. The 
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distributed topographic, geographic, and hydrologic characteristics are assigned to 

the underlying watershed surface. In existing popular physically-based distributed 

models, watershed surface is commonly represented by a digital terrain model. As 

discussed above, there are usually two major kinds of terrain surface model, the 

grid-based or TIN-based structure (Devia et al., 2015). Based on whether the land 

surface is sliced into vertical layers, there are two different forms of representation, 

two-dimensional or three-dimensional terrain facets. According to the comparisons 

in Figure 2.5 and Table 2.4, the watershed HRUs are respectively represented by 

layered rectangular cubes (Abbott, Bathurst, Cunge, & O'Connell, 1986a; Abbott, 

Bathurst, Cunge, O'Connell, & Rasmussen, 1986b; Keilholz et al., 2015), 

overlapped polygonal patches (Arnold et al., 1993; 1998; Arnold & Fohrer, 2005), 

layered triangular prisms (Qu & Duffy, 2007), or tessellated triangular facets 

(Ivanov, Vivoni, Bras, & Entekhabi, 2004a; Vivoni et al., 2004). 

(2) process description 

The watershed models have also undergone from empirical models to conceptual 

models, and to physically-based models. Early empirical models use dimensionless 

ODEs to fit the water yields to climate inputs (Beven, 2012). These models 

represent the catchment with a black box, considering only inputs and outputs. The 

subsequent conceptual models introduce the water or energy balance PDEs to 

quantify the water exchange flux between the watershed elements. A watershed is 

represented by a grey box, considering the distribution of conceptual elements 

(Arnold et al., 1993; 1998). As the evolution in mechanism continues, the 

physically-based models combine the ODEs and PDEs to provide physical 

descriptions of hydrologic and hydraulic processes (Qu & Duffy, 2007). These 

models treat the watersheds as white boxes, where more realistic processes are 

physically described with components such as basin units and reservoirs. 

 The representation of watershed depends on the driving mechanism. For 

example, a lumped empirical model is driven by historic observations, then only 

the catchment itself is represented by a black box. A semi-distributed conceptual 
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model is largely driven by water balance, then the watershed elements are indirectly 

represented with water exchanges. As driven by physics, a physically-based model 

represents the hydrologic processes directly with water movements. With these 

improvements in watershed representation, the physically-based hydrological 

models have proven to be more effective to simulate hydrological processes in both 

space and time (Ivanov, Vivoni, Bras, & Entekhabi, 2004a).  

 Different representations of watershed need different descriptions of 

hydrological responses. Figure 2.6 demonstrates the water exchanges between 

HRUs in several typical physically-based distributed hydrological models. These 

descriptions of hydrological responses can be classified into two types, three-

dimensional and two-dimensional exchanges. The three-dimensional exchanges 

occur between sliced cubes or prisms, as shown by Figure 2.6 (a) and (c). Vertical 

exchanges represent the process of flow generation, such as rainfall, interception, 

infiltration, seepage, recharge, transpiration and evaporation. Horizontal exchanges 

represent the process of runoff transportation, including overland and channel flow 

transportation in the upper layer, and lateral and groundwater flow transportation 

under the lower layers. The two-dimensional exchanges directly represent the water 

transportation over the watershed surface, as shown by Figure 2.6 (b) and (d).  

 

Figure 2.6 The description of water exchanges between distributed HRUs. 

 In fact, these facet-based descriptions rely on the assumption of water or 

energy balance in different HRUs. Water flow production and transportation are 

respectively estimated from the concept-based equations and the physics-based 

descriptions. Regardless of whether the watershed is represented by layered or 

(a) layered cube (d) tessellated triangle(c) layered prism(b) overlapped patch

SHE SWAT PIHM tRIBS
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tessellated facets, it is a full coverage of the terrain surface. That means the 

computational burden covers the whole watershed including both hillslope and 

channel streams. Chen et al. (2014) introduced a simplified representation of 

underlying watershed surface. The three-dimensional terrain surface was replaced 

by a one-dimensional flow path network model. This study aims to further improve 

this model by involving a particle system to fulfill the requirements of high-

performance rainfall-runoff simulation. 

(3) runoff simulation 

Existing conceptual or physically-based distributed models focus more on the 

process of flow generation than the process of flow routing. With the increasing 

requirements in both spatial and temporal, the process of flow routing has gradually 

been regarded and simulated, especially for sub-hourly or real-time simulations of 

surface runoff dynamics (Y. Chen et al., 2014). 

 As one of the most important hydrological components, the rainfall-runoff 

process is largely governed by the geographical, topographical and climate factors 

such as soil and vegetation cover, topographic relief and rainfall intensity (Beven, 

2012). Simulation of rainfall-runoff process is the fundamental methodology for 

understanding the spatial and temporal interconnections in water cycle (Ivanov, 

Vivoni, Bras, & Entekhabi, 2004a; Qu & Duffy, 2007). Flow routing modeling has 

become increasing important in environmental management, but has always been 

hampered by the lack of realistic representation and computational efficiency (Y. 

Chen et al., 2014; Moore & Grayson, 1991). 

 Different from the complicated responses in runoff generation, the process 

of flow routing depends mainly on the flow velocity field distribution (Rui et al., 

2008). Rodríguez-Iturbe et al. (1982; 1979) investigated the influences of 

geomorphologic characteristics on unit hydrographs with the consideration of flow 

velocity. Maidment et al. (1996) and Rui et al (2008) discussed the determination 

of field flow velocity based on the gridded DEM structure, while Chen et al. (2014) 

explored the determination of flow velocity for flow path derived from drainage-
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constrained TIN structure. However, the determination of flow velocity field 

distribution still relies on the field cross section measurements, which have 

increased the difficulty in distributed simulation of flow routing. 

2.2.3 Current state 

As discussed above, the rational method proposed in the middle of the 18th century 

is expected to be the first watershed model, predicting only the peak discharge 

rather than the temporal or spatial variations in discharge. During the past one and 

a half century, numerous watershed models have been developed and applied for 

monitoring and forecasting hydrological processes. 

(1) discipline system 

The development of watershed hydrological model was believed to be closely 

related with the developments in remote sensing, GIS, digital terrain analysis and 

computer science. Figure 2.7 illustrates the relationship between the watershed 

modeling and the related techniques.  

 

Figure 2.7 The relation between watershed modeling and related subjects. 

 As a branch of geography, the hydrology has been researched and applied 

with the support from the other branches. The remtote sensing techniques have 

provided the essential meteorological, geographical and topographical data, such as 

the air temperature, rainfall intensity, plant canopy, land use and land cover, soil 

Watershed Modeling

GIS

Geography Computer Science

RS

cartography

Geodesy

Geomorphology DTA
hydrologic factors

temperature
rainfall
plant

land use
soil group
rock bed

interpolation
overlay analysis

topology
visualization

water cycle

horizontal

vertical

rainfall
interception
infiltration

transpiration
evaporation

runoff

flow
concentration

Hydrology

underground 
water

tools

data

hydraulic factors
simultaneously



 

41 

type and moisture (Beven, 2012). The GIS platforms have provided the necessary 

spatial analysis tools, such as spatial interpolation, overlay and buffer analysis 

(Chang, 2015). The terrain analysis methods, with the support from remote sensing 

and GIS techniques, have played an increasingly important role in watershed 

modeling (Q. Zhou & Liu, 2004).  

 The development of watershed models has been largely driven by terrain 

analysis methods. As mentioned above, the processes of the watershed water cycle 

are classified into two types, the vertical and the horizontal water exchanges. The 

former corresponds to the process of runoff generation, consisting of rainfall, 

canopy interception, soil infiltration and seepage, while the latter consists of the 

concentration processes over hillslope and river channels. The terrain analysis 

techniques mainly includes two aspects, terrain models and terrain parameters, and 

they both are important supports for modeling rainfall-runoff process (Z. Li, Zhu, 

& Gold, 2004). The terrain models, such as gridded DEM and TIN, are essential 

for representing the underlying watershed surface and dividing the sub-basins. The 

terrain parameters, such as terrain slope and aspect, have a key role in determination 

of hydrologic and hydraulic factors, such as flow direction, drainage network, and 

field velocity (Maidment et al., 1996). These hydrologic and hydraulic factors will 

then affect the processes of runoff generating and routing. 

(2) classification systems 

The watershed hydrological models are usually classified as empirical, conceptual 

and physically-based models (Devia et al., 2015). Figure 2.8 shows the indicators 

of classification system for the existing models. These indicators are grouped into 

two major categories, features and targets. The former means the characteristics of 

model itself, while the latter represents the aspects of hydrologic applications. 

 From the perspective of mechanism principle, the watershed models are 

recognized as data-driven or concepts-driven or physics-driven models (Devia et 

al., 2015). From the point view of underlying surface partition, they can also be 

classified as lumped, semi-distributed, or fully distributed models (Moradkhani & 
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Sorooshian, 2008). Besides, on the basis of modeling strategy, a watershed model 

may be a deterministic, random or mixed watershed model (Beven, 2012). On the 

other hand, a hydrologic model may be performed at a sandbox, catchment scale, 

regional, continental or the global scale from the point view of spatial scale, or may 

be applied to rainfall events or continuous observations such as hourly or daily time 

step (Boughton & Droop, 2003; Hoes & Nelen, 2005; Pechlivanidis et al., 2011). 

In addition, since the watershed water cycle consists of a series of complicated 

hydrologic processes, a watershed model may focus mainly on the process of 

rainfall, canopy interception, soil infiltration, evapotranspiration or surface runoff 

(Hawkins et al., 2015; Ivanov, Vivoni, Bras, & Entekhabi, 2004a; Soulsby, Piegat, 

Seibert, & Tetzlaff, 2011; Wood et al., 1992; Zhao, 1992). In general, the most 

commonly used classification of watershed models is the empirical lumped models 

(black boxes), conceptual semi-distributed models (gray boxes), and physically-

based distributed models (white boxes) (Devia et al., 2015). 

 

Figure 2.8 The classification system of watershed hydrological models. 

 Table 2.5 lists several typical hydrological models for modeling the rainfall-

runoff processes in a watershed. According to the above classification system, these 

hydrological models are grouped into black boxes, gray boxes and white boxes. The 

empirical lumped rational method and unit hydrograph method have been already 

discussed. These early hydrological models were limited by computational 
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constraints until the digital computers first started to become more widely available 

in 1960s (Beven, 2012). The Stanford watershed model proposed by Crawford and 

Linsley (1966) at Stanford University is believed to be the first and one of most 

successful computer-based hydrological models. This model can be regarded as a 

gray box to some degree, and up to 35 parameters are used to describe the water 

exchanges between conceptual elements. The underlying watershed surface is still 

regarded as a whole in the early Stanford model, hence it is regarded as a black box.  

Table 2.5 The typical watershed models for rainfall-runoff modeling. 

Type Model Description Source 

black 
box 

rational method linear relationship, peak discharge (Mulvaney, 1851) 

unit hydrograph superposition principle, hydrograph (Sherman, 1932) 

Stanford model computer-based model, hydrograph (Crawford & Linsley, 1966) 

SCS-CN water balance, flow production (McCuen, 1982) 

SVM machine learning, hydrograph (Lin et al., 2006) 

ANN machine learning, hydrograph (C. L. Wu et al., 2009) 

gray 
box 

geomorphic UH  Horton's number, mean flow 
velocity 

(Rodríguez-Iturbe et al., 
1982; Rodríguez-Iturbe & 

Valdés, 1979) 

TOPMODEL gridded, topographic wetness index (Beven & Kirkby, 1979) 

Xinanjiang Voronoi, watershed storage 
capacity (Zhao, 1992) 

VIC 
gridded, layered, infiltration 

capacity 

(Wood et al., 1992) 

VIC-2L 
(Lohmann, Raschke, 

Nijssen, & Lettenmaier, 
1998a; 1998b) 

white 
box 

SHE gridded, layered, HRUs 

(Abbott, Bathurst, Cunge, 
& O'Connell, 1986a; 

Abbott, Bathurst, Cunge, 
O'Connell, & Rasmussen, 

1986b) 

SWAT gridded, overlapped, HRUs (Arnold et al., 1993) 

tRIBS hydrologic TIN, facet responses (Ivanov, Vivoni, Bras, & 
Entekhabi, 2004a) 

PIDM TIN, layered, physical description (Qu & Duffy, 2007) 

FPN drainage-constrained TIN, vector (Y. Chen et al., 2014) 
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 In fact, the conceptual semi-distributed hydrological models including the 

Xinanjiang and the VIC models are descendants of Stanford model (Wood et al., 

1992; Zhao, 1992). The SCS-CN method proposed by McCuen (1982) is one of the 

most commonly used empirical models for estimating surface flow production from 

rainfall intensity. This method is also further developed to support distributed 

prediction of runoff generation, and integrated into distributed hydrological models 

such as the SWAT model (Winchell et al., 2013). Besides, since the black boxes 

estimate hydrological responses to rainfall event by fitting field measurements of 

discharge observations to those of rainfall intensity, machine learning techniques 

such as support vector machine (SVM) and artificial neural network (ANN) 

techniques are involved to build the quantitative relationships (Lin et al., 2006; C. 

L. Wu et al., 2009). 

 With the increasing support of watershed representation provided by terrain 

models and terrain analysis techniques, the whole watershed is divided into sub-

basins, and a conceptual framework is built based on the watershed elements 

consisting of rainfall profile, canopy interception, soil infiltration and seepage, and 

surface flow (Beven, 2012). Rodríguez-Iturbe et al. (1979) further developed the 

unit hydrograph method and proposed the instantaneous unit hydrograph (IUH) to 

support distributed rainfall input based on the principle of superposition. The IUH 

was described as a function of geomorphologic characteristic including the Horton's 

numbers, an internal scale parameter and the mean streamflow velocity. That is, the 

field distribution of underlying conditions plays a fundamental role in the 

determination of hydrological responses to distributed rainfall intensity in both time 

and space. By dividing the whole watershed into sub-basins, the TOPMODEL, 

Xinanjiang, and VIC-2L model were developed based on a gridded DEM structure 

(Beven & Kirkby, 1979; Lohmann, Raschke, Nijssen, & Lettenmaier, 1998a; 1998b; 

Wood et al., 1992; Zhao, 1992). Taking the TOPMODEL as an example, the TWI 

was defined based on topographic form to describe the distributed soil infiltration 

capacity in a gridded watershed surface. 

 𝑇𝑊𝐼 = ln(𝛼 tan𝛽⁄ ) (2.22) 
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where 𝑇𝑊𝐼 is the topographic wetness index at a place representing by a grid cell 

in a watershed, 𝛼 denotes the unit upstream accumulation area equaling to the ratio 

of cumulative upstream accumulation area to the length of contour line at this point, 

𝛽 denotes the angle of terrain slope. The hydrologic factor 𝛼 represents the inflow 

pressure from the upstream drainage area, while the hydraulic factor 𝛽 represents 

the outflow pressure at this point. That is, the larger the upstream flow accumulation 

area (channel bed or downstream region), the higher the soil infiltration capacity 

will be. The flatter the terrain slope, the wetter the soil surface will be. 

 With increasing support from distributed data, spatial analysis approaches, 

computer modeling techniques, the watershed is more realistically represented by 

HRUs with homogeneous underlying conditions and consistent hydrological 

responses, and the watershed processes are more and more directly described by 

physical principles (Beven, 2012). The physically-based distributed models 

subdivide the watershed into HRUs according to the distributed underlying 

watershed conditions including topographic (terrain slope), geographical (plant 

cover, soil group) and hydrological factors (sub-basin, stream channel). In different 

HRUs, the corresponding hydrological responses were estimated by a physical 

framework that describing the physical movements of rainfall water in the 

watershed (Devia et al., 2015).  

 These models differ in HRU definition and process description. The SHE 

model proposed by Abbott et al. (1986a; 1986b) subdivided the sub-basins into 

layered (three-dimensional) grid cells, while the SWAT model proposed by Arnold 

et al. (1998; 2013) subdivided sub-basins into irregular patches by overlapping sub-

basins with the classification maps of terrain slope, land use and soil characteristics. 

 Table 2.6 shows the comparisons of characteristics for the above three kinds 

of watershed hydrological models. The empirical lumped models have the 

advantages of simple structure and ease of use, but they also have the disadvantages 

of poor explanatory power. The conceptual semi-distributed models can provide 

exchange details and spatial variation of watershed processes, but the determination 

of model parameters relies much on field observations. 
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Table 2.6 The comparisons of characteristics for the existing watershed models. 

Features Black box Gray box White box 

mechanism principle empirical conceptual physically-based 

underlying partition lumped semi-distributed distributed 

spatial unit catchment sub-basins HRUs 

field data rainfall, discharge land, soil, temperature hydrologic, hydraulic 

model parameter empirical 
(dimensionless) 

empirical 
(dimensional) 

mixed, physical 
(measurable) 

process description quantitative relation water/energy balance dynamic behaviors 

mathematical tool regression analysis 
machine learning ODEs ODEs, PDEs 

application goal response prediction static modeling dynamic simulation 

implementation data calibration parameter estimation parameter definition 

advantage simple, easy spatial variation dynamic, flexible 

disadvantage poor explanation data dependency complicated 

typical example SCS-CN, ANN TOPMODEL, VIC SHE, SWAT 

 The physically-based, distributed models have proven to be practical and 

reliable in watershed modeling, especially for the simulation of process dynamics 

in time and space (Beven, 2012). However, previous studies suggest that these 

models have also been limited by the shortcomings of over-parameterization in 

process description (Moradkhani & Sorooshian, 2008), general inability in realistic 

representation of hydrological responses (Grayson et al., 2002), high redundancy in 

flexible representation of underlying framework (Y. Chen et al., 2014), and heavy 

computational burden for high-performance simulation (Vivoni et al., 2011). 

(3) model shortcomings 

Numerous watershed hydrological models have been developed to try to answer the 

following questions, where to go when it rains, which path to take when it flows, 

and how long to remain in the basin (Hewlett & Hibbert, 1967; McDonnell, 2003). 

These models are generally considered to fall into one of three types, empirical 

lumped, conceptual semi-distributed and physically-based distributed models 

(Devia et al., 2015).  
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 Traditional lumped hydrological models, such as rational method, 

instantaneous unit hydrograph (IUH) and SCS-CN method, focus mainly on the 

predictions of runoff generation to rainfall events based on field observations 

(Beven, 2012; Devia et al., 2015; McCuen, 1982). These data-driven models 

treating the whole watershed as a black box are easy to use but have limited 

explanatory power. The subsequent conceptual models, such as the 

geomorphologic unit hydrograph (GUH), TOPMODEL, Xinanjiang and VIC 

models, involve concepts of water balance to estimate the water exchanges between 

the hydrologic elements such as plant interception, soil infiltration and surface 

runoff (Beven & Kirkby, 1979; Rodríguez-Iturbe et al., 1982; Rodríguez-Iturbe & 

Valdés, 1979; Wood et al., 1992; Zhao, 1992). By dividing the watershed into sub-

basins or smaller geomorphic units and considering the distributed underlying 

conditions, these semi-distributed models have better simulation accuracy but rely 

more on field data in space (Moradkhani & Sorooshian, 2008). 

 With the developments of remotely sensed data, GIS platforms, and terrain 

analysis techniques, a growing number of physically-based distributed hydrological 

models have played an increasing role in watershed hydrology (Devia et al., 2015). 

The remote sensing instruments provide a wealth of meteorological, geographical 

and topographical data with large coverage in both time and space, while GIS and 

terrain analysis techniques supply the necessary technologies of data processing 

and analysis (Beven, 2012). The physically-based models, such as the SHE model 

and SWAT, try to describe the physical processes in HRUs with a realistic 

representation of watershed (Abbott, Bathurst, Cunge, & O'Connell, 1986a; Abbott, 

Bathurst, Cunge, O'Connell, & Rasmussen, 1986b; Arnold et al., 1993; 1998).  

 The most widely used SWAT model , for instance, divides the watershed 

into HRUs with homogeneous soil, land use and topology characteristics, and 

assigns a curve number to describe the responses to rainfall inputs in each unit 

(Arnold et al., 1998; Arnold & Fohrer, 2005). The physically-based, distributed 

models have proven to be practical and reliable in watershed modeling, especially 

for the simulation of process dynamics in time and space (Beven, 2012). However, 
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previous studies suggest that these models have also been limited by the 

shortcomings of (1) over-parameterization in process description (Moradkhani & 

Sorooshian, 2008), (2) general inability in realistic representation of hydrological 

responses (Grayson et al., 2002), (3) high redundancy in flexible representation of 

underlying framework (Y. Chen et al., 2014), and (4) heavy computational burden 

for high-performance simulation (Vivoni et al., 2011). 

 Besides, there is still a significant gap between existing studies and practices 

of physically-based distributed models in real-world hydrological modeling. Most 

existing studies have focused much more on predictions of runoff generation than 

simulation of runoff routing (Beven, 2012). The former determines the water 

exchanges between the hydrologic elements such as plant interception, soil 

infiltration, seepage and storage, and evapotranspiration, while the latter describes 

the dynamic movements of surface runoffs in space and time. Due to lack of 

distributed field data and realistic representation, the process of runoff routing has 

always been neglected by conventional distributed models (Arnold et al., 1998; 

Boughton & Droop, 2003; Her & Heatwole, 2015). 

2.3 Next Generation Model 
The characteristics of the next generation hydrological model are discussed from 

the perspectives of performance needs and technical supports. The former consists 

of the requirements to fulfill reliability, feasibility, adaptability and ease of 

implementation for real-world application, and the latter means the existing 

techniques that can be involved to contribute those goals. 

2.3.1 Further requirements 

As mentioned above, many application-oriented rainfall-runoff models have been 

developed for flood forecasting, water resource management, water quality 

monitoring, pollution evaluating, land use and climate change. The updating 

frequency of existing hydrological models covers from hourly, to sub-daily and 

daily time steps. The spatial extent of modeling applications ranges from small 

catchment, to drainage basin, continent and global scales. The process patterns 
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could be lumped, semi-distributed or fully distributed. The underlying mechanism 

would consist of multiple process descriptions, which might be empirical, 

conceptual and physically-based functions. Some of them are comprehensive 

frameworks for the modeling of both surface water and ground water in both gauged 

and ungauged catchments, while others might focus only on simulations under 

certain conditions. Each model has its own unique characteristics and respective 

applications (Devia et al., 2015). 

 But no matter what kind of rainfall-runoff model is used, the prediction 

accuracy remains limited by the availability of input data and representation of 

hydrological processes. Taking distributed hydrological model as an example, 

higher simulation accuracy means more complexity, more parameters, more 

calibration problems and more prediction uncertainty, especially in ungauged 

catchments or under different underlying conditions (Beven, 2012). Despite of the 

accuracy performance, the next generation model should also pay attention to the 

other aspects, such as ease of use, realistic representation of watershed processes, 

flow routing process dynamics, spatial and temporal patterns, and computing 

efficiency performance. 

(1) more realistic representation (simplified) 

Further efforts should be made to represent the watershed and the hydrologic 

processes in a more realistic way (Moore & Grayson, 1991). Grid-based models, 

such as SHE and SWAT, divide the watershed into grid cells and represent the 

hydrologic processes by water exchange between the HRUs (Abbott, Bathurst, 

Cunge, & O'Connell, 1986a; Abbott, Bathurst, Cunge, O'Connell, & Rasmussen, 

1986b; Arnold et al., 1998). TIN-based models, such as the tRIBS and PIHM, 

partition the watershed into triangular facets and calculate hydrological responses 

for each facet (Ivanov, Vivoni, Bras, & Entekhabi, 2004a; Piras, Mascaro, Deidda, 

& Vivoni, 2014). In comparison to the grid structure, the TIN structure has several 

clear advantages such as the efficiency in data storage, the suitability to local 

topography, and the ability to define the flow direction without the limitations of a 
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grid data structure (Y. Chen et al., 2014; Q. Zhou et al., 2011). However, there are 

additional costs to the computation burden in watershed modeling, because that 

would be more complex to work with the triangles than the grid cells. That is, these 

improvements in watershed representation come at the cost of complexity. 

 A more realistic representation of watershed has some benefits. Firstly, flow 

routing modeling relies on a realistic representation of watershed. Most existing 

studies have focused much more on the process of runoff generation than the 

process of runoff routing, which has always affected the predictive power of 

hydrological models (Beven, 2012). The simulation of flow routing has become 

increasingly important in watershed modeling (Moore & Grayson, 1991). Secondly, 

a realistic representation can contribute to the implementation of physical 

mechanisms. The conceptual models represent the watershed by watershed 

elements such as plant canopy, soil group and underground rock structure, which 

contribute to the concepts of water and energy balance (Beven, 2012). The 

physically-based hydrological models are built on the description of watershed 

processes, which can only be simulated based on a realistic representation of the 

watershed. Thirdly, a more efficient representation of the underlying surface can 

significantly reduce the computational burden. The gridded DEM and the 

hydrologic TIN are both full coverage for the underlying surface, and fully 

distributed watershed data are required to calibrate the distributed hydrological 

models. The process of flow routing, for instance, mainly occurs in the drainage 

system, and may do not need so much responses from the non-drainage land surface. 

The flow path network model proposed by Chen et al. (2014) is proven to be a 

practical representation. Flow paths were delineated over a drainage-constrained 

TIN to represent the underlying surface. This model is further developed in this 

study to support high-performance simulation of hydrological processes. 

(2) more flexible application (tightly coupled) 

Further attention should also be paid to improve the flexibility in application in the 

next generation model. Most distributed hydrological models are complex in their 
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implementation mainly because of the over-parameterization problem (Moradkhani 

& Sorooshian, 2008). Watersheds are divided into sub-basins or HRUs with 

homogenous characteristics in topography, soil group and land cover. Empirical or 

conceptual parameters are calibrated to quantify the hydrological responses in 

different sub-basins or HRUs. Taking the SWAT and SHE models as examples, a 

different set of values are assigned to the model parameters in each sub-basin or 

HRU according to different underlying conditions, which add the difficulty in 

implementation (Abbott, Bathurst, Cunge, & O'Connell, 1986a; Abbott, Bathurst, 

Cunge, O'Connell, & Rasmussen, 1986b). As a result, the HRU-based hydrological 

models usually need recalibration before being applied into another catchment with 

different underlying conditions, which may suggest poorer performance in 

ungauged catchments (Beven, 2012). 

 The flexibilities of existing watershed models are hampered by the 

empirical or conceptual description of hydrological responses. The physically-

based distributed hydrological models have significantly improved the flexibility in 

application to different catchments or ungauged catchments (Beven, 2012). In 

practical terms, the physically-based models directly describe the watershed 

behaviors by combining both the ODEs of water balance and PDEs of physical 

processes. The model parameters are more dependent upon watershed 

characteristics rather than field observations. The simulation of flow routing, for 

instance, is conducted by relating to lumped geomorphologic characteristics in the 

traditional empirical or conceptual models. This study, therefore, aims at 

developing a more flexible hydrological framework to support the physically-based 

simulation of hydrological processes. 

(3) more efficient computation (high performance) 

As the computing techniques continue to become more powerful, the hydrological 

models are believed to have more potential to support high-performance simulation 

of hydrological processes (Beven, 2012). The use of remotely sensed data and GIS 

technology facilitates the incorporation of geographic data into hydrological 
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models. However, the application of existing physically-based distributed models 

in high-resolution, long-term, large-area catchments has always been hampered. A 

major challenge is the lack of computational capability (Y. Chen et al., 2014; 

Ivanov, Vivoni, Bras, & Entekhabi, 2004a; Qu & Duffy, 2007; Vivoni et al., 2011). 

Therefore, the next generation watershed model should overcome these difficulties.  

 The above-mentioned strategy of simplifying the representation of 

watershed can reduce the computational burden to some extent. In fact, the existing 

full-distributed hydrological models have suffered from the balance between the 

computational burden and capability (Y. Chen et al., 2014; Ivanov, Vivoni, Bras, 

& Entekhabi, 2004a; Qu & Duffy, 2007; Vivoni et al., 2011). The former results 

from many factors, such as the model complexity (e.g., representation and 

parameters), watershed scale, spatial resolution and time frequency, while the latter 

is determined by the computing architectures and algorithms. 

 The increasing distributed computing cluster systems and parallel 

computing techniques have provided the opportunity to achieve higher performance 

in computation efficiency. Vivoni et al. (2011) implemented the tRIBS model in a 

parallel computing environment, and compared the impacts of task partition 

strategies on parallel efficiency. However, no matter what kind of partition scheme 

was used, the computational capability has a limit because the hydrological 

responses in different HRUs are not completely independent of each other. That is, 

the high computational costs cannot be significantly reduced by justly increasing 

the number of computing processors. Therefore, further efforts are still required to 

improve the computational capability to facilitate real-world applications. 

2.3.2 Technical supports 

Many studies have been conducted to make improvements (Y. Chen et al., 2014; 

Ivanov, Vivoni, Bras, & Entekhabi, 2004a; Qu & Duffy, 2007; Vivoni et al., 2011). 

These efforts may fall into four aspects, (1) incorporating remotely sensed data, (2) 

coupling with GIS platforms, (3) improving terrain analysis algorithms, and (4) 

involving parallel computing techniques.  
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(1) remotely sensed data 

The satellite-based radar has led to a fast development of distributed meteorological, 

geographical and topographic data. In comparison with rain gauges, the product of 

rainfall distribution, for instance, has undergone a quiet revolution over the past 

decades. The satellite-based radar precipitation data have provided great potential 

for high-resolution watershed simulation (Sahoo, Sheffield, Pan, & Wood, 2015). 

 Much efforts have already been made to improve the spatio-temporal 

resolutions of rainfall-runoff simulations. The high-resolution coupled hydrologic-

hydraulic model (HiResFlood-UCI), developed by Nguyen et al. (2015), estimates 

hourly detailed flooding intensities by disaggregating the surface runoffs into 

smaller grids. Mascaro et al. (2015) generated the high-resolution (about 78 meters) 

products for the long-term (7 years) hydrological processes in Mexico by 

integrating remotely sensed and ground observational data at smaller spatial-

temporal scales. Bennett et al. (2016) disaggregated the daily rainfall data to the 

hourly rainfall and the stream flow data. These disaggregation methods may be very 

effective ways to achieve higher resolution in either space or time, while the TIN-

based stream network can provide not only finer but also scale-adaptive simulations. 

(2) geographical information systems 

The increasing remotely sensed data have provided the watershed data for the 

distributed estimation of hydrological responses, while the GIS principles and 

platforms can provide the necessary spatial data models, algorithms and analysis 

tools (Pullar & Springer, 2000).  

 The physically-based spatially-distributed hydrological models provide the 

extensibility and potential to produce the series of flow pattern maps (Y. Chen et 

al., 2014). The traditional hydrological models, particularly the lumped or the 

empirical models, focus mainly on estimating flow discharges at the basin outlet, 

but neglect the flow dynamics in space (Beven, 2012). The prediction of flow 

discharges is fundamental to water resource management such as flooding and 

drought forecasting. 
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 The growing GIS techniques, such as ArcView and Google Earth platforms, 

have been more and more widely used for two-dimensional or three-dimensional 

geo-referenced visualization of catchment maps (Coroza, Evans, & Bishop, 1997; 

B. Huang & Bin Jiang, 2002). Tian et al. (2016) developed a three-dimensional 

visualization tool to support modeling and visualizing the groundwater and surface 

water in a geo-referenced environment. This visualization tool, coupled with the 

surface water-groundwater modeling framework which also developed by Tian et 

al. (2015), was expected to enhance the practicality of this integrated hydrological 

model. Similarly, efforts need also be made for the proposed model to investigate 

an efficient geo-referenced visualization way to improve the interpretative ability. 

(3) terrain analysis algorithms 

Attribute to the advantages such as efficiency in data storage (Y. Chen & Zhou, 

2013; Q. Zhou & Chen, 2011) and suitability in scale adaptation (Y. Chen et al., 

2014), the TIN structure can provide a better representation of the land surface 

(Vivoni et al., 2004). Without the limitation of grid structure, the triangular facet-

based flow directions are less complicated than the raster-based ones (Q. Zhou & 

Chen, 2011). 

 There have been several TIN-based approaches to support the simulations 

of rainfall-runoff processes. The SHIFT model, proposed by Palacios-Vélez and 

Cuevas-Renaud (1992), is a TIN-based system that allows interpolation and 

calculation of surface runoffs with rainfall, river bed and soil data. The channel-

hillslope integrated landscape development (CHILD) model, developed by (Tucker 

et al., 2001a; Tucker, Lancaster, Gasparini, Bras, & Rybarczyk, 2001b), is another 

physical framework that simulates the landscape evolution by incorporating a TIN 

structure. By integrating the TIN-based CHILD model with the raster-based real-

time integrated basin simulator (RIBS), Ivanov et al. (Ivanov, Vivoni, Bras, & 

Entekhabi, 2004a) subsequently proposed the tRIBS model for detailed modeling 

of hydrological processes. Zhou et al. (2011) proposed a triangular facet network 

(TFN) model to support the estimation of specific catchment area, which also 
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provided potential for simulation of spatial-temporal rainfall-runoff processes. 

Based on the drainage-constrained TIN created by the CPE method (Q. Zhou & 

Chen, 2011), Chen et al. (2014) subsequently developed the flow-path network 

(FPN) model to simulate surface runoff dynamics. 

 These TIN-based models are flexible in being applied to different 

catchments varying in size and topographic relief. Besides, the surface-adaptive 

feature extraction methods ensure the high efficiency performance of hydrologic 

TIN structure (Vivoni et al., 2004). The high efficiency in storage comes at the 

expense of increased complexity in computation. The construction of TIN-based 

stream networks provides an efficient way for trading time for space, which can use 

one-dimensional up-down links to replace the complex 3D terrain surface in 

rainfall-runoff modeling (Y. Chen et al., 2014). With increasing needs for 

computing resources, the physically-based models still need further improvements. 

 In traditional grid-based approaches, the spatial resolution of the simulation 

result depends partly on the cell size of the gridded DEM, the spatial scale of the 

HRUs, and the spatial density of precipitation data. The HRU-based distributed 

models focus only on estimating the changing discharges at the outlets, but neglect 

the flow routing process or the detailed distribution in space (Beven, 2012). Most 

of the hydrological models are used for continuous simulations, most them generate 

daily flow discharges from daily precipitation data. The daily discharge information 

are essential to many application areas, such as flooding forecasting and drought 

warning (Chaney, Herman, Reed, & Wood, 2015). 

 Ivanov et al. (2004a) have confirmed that the high-resolution geographical, 

topographical and meteorological data can directly be integrated into the TIN-based, 

physically-oriented fully-distributed tRIBS model. As the same as tRIBS model, 

the vector-based FPN model created from the scale-adaptive drainage-constrained 

TIN structure can incorporate high-resolution inputs as well (Y. Chen et al., 2014). 

In this TIN-based model, the spatial resolution can be adjusted by controlling the 

sampling density of source points, and the time step can be simply disaggregated 

into any interval based on physical movements of runoffs (Y. Chen et al., 2014). 
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 Without the limitation of grid structure, the TIN-based hydrological models 

have proven to be more efficient in realistic representation of topography and 

geography (Y. Chen et al., 2014; K. H. Jones, 1998; Q. Zhou et al., 2011). Tucker 

et al. (2001a) proposed the TIN-based CHILD model, Ivanov et al. (2004a) 

developed the tRIBS, and Chen et al. (2014) developed the TIN-based flow path 

network model. The problem of over-parameterization is mainly caused by the 

different requirements of parameter calibration for the watershed HRUs (Devia et 

al., 2015). Zhou et al. (2011) and Chen et al. (2012) pointed out that the hydrologic 

TIN structure has significantly reduced the redundancy in data storage without a 

significant loss in feature retention. Furthermore, the flow path network model has 

provided a more effective way to represent the distributed hydrological responses 

by simplifying the complicated three-dimensional underlying framework into a 

one-dimensional upstream-downstream structure (Y. Chen et al., 2014; N. L. Jones 

et al., 1990; Moore & Grayson, 1991). 

(4) parallel computing techniques 

The high computational demands have always hampered the application of 

physically- based distributed hydrological models in simulating real-world rainfall-

runoff processes (Vivoni et al., 2011; Q. Zhou & Chen, 2011). As a trade-off, 

computational resources are required to deal with the physical parameters and 

equations (generating, routing), the spatial (meters, kilometers) and temporal 

(hourly, daily) resolutions, the catchment scale (basin, regional), and the 

hydrological processes (groundwater, surface water) (Bennett et al., 2016; Nguyen 

et al., 2015). Wood et al. (2011) point out that improving the computing efficiency 

is fundamental to making progress on high-performance hydrological system. 

 Efforts have been made to improve performance efficiency by parallel 

computing techniques. Qin and Zhan (2012) developed a compute-unified-device-

architecture (CUDA) model to calculate flow directions and accumulations with 

parallel computing techniques based on graphics processing units (GPUs). The 

gridded DEM was partitioned into sub-catchments by involving the graph theory, 
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and the parallel commands were then performed on these sub-catchments in parallel. 

Liu et al. (J. Liu, Zhu, Liu, Zhu, & Qin, 2014) proposed a layered approach that can 

simulate hydrological processes with multi-core central processing units (CPUs) on 

a computer. The parallel-computing strategy is to divide basin units into layers 

according to flow direction, and then the hydrological responses at the same layer 

can be calculated independently. Vivoni et al. (2011) compared the performances 

of four different kinds of sub-basin partition strategies on computing efficiency. 

Based on the fully-distributed TIN-based tRIBS model, the sub-units were 

combined as sub- basins according different strategies to balance the computational 

effort. By allocating computing resources into different HRUs, the above partition-

based parallel strategies primarily aim at balancing the computational effort. The 

parallel speed-up, however, is still affected by new computational requirements, 

such as the sub-basin partition and the up-down input-output synchronization 

processes. Moreover, there may also be extra computational efforts since the 

catchment is divided into sub-basins and the hydrological parameters may need to 

be re-calibrated for each sub-basin.  

 Conventional empirical or conceptual, lumped or semi-distributed models 

have focused much on the process of flow generation (Devia et al., 2015). Most of 

them are responsible for estimating temporal discharge responses at the catchment 

outlet to rainfall events (Beven, 2012). The process of surface flow transportation, 

on the one hand, has always hampered the predictive power of these models. On 

the other hand, the spatial variation of surface runoff throughout the watershed is 

essential to water resource management and environmental assessment (Moore & 

Grayson, 1991). As a result, simulation of surface flow transportation over the 

watershed surface has become increasingly important (Moore & Grayson, 1991). 

Different from the hydrologic factors in flow generation, accurate modeling of 

runoff transportation requires the additional support from hydraulic factors, 

including the spatial and temporal variation in water depth, runoff discharge, and 

flow velocity. That may significantly increase the computational burden of 

dynamics simulation.  
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 In fact, the existing fully-distributed hydrologic models are believed to have 

suffered a tradeoff between computational workload and capability (Vivoni et al., 

2011). The computational workload depends on application objectives, including 

extent size (small, large), HRU shape (regular, irregular), spatial resolution (30 m, 

120 m, 0.1°), time frequency (hourly, daily), continuous duration (month, year), 

model complexity (ODE, PDE), and watershed process (generation, transportation). 

Taking the extent size as an example, a watershed may be recognized as a small 

(less than 10 km2) or a large watershed (more than 10 km2). The outlet discharges 

of a small watershed mainly come from the overland flow, while those of a large 

watershed are greatly affected by the channel characteristics, soil and groundwater 

storage. Obviously, the computational burden of rainfall-runoff simulation in a 

large watershed is believed to be more than a small watershed. Besides, the other 

factors also significantly affect the workload. In general, the more watershed units 

that may result from a larger extent, a smaller HRU size, a higher spatial resolution, 

or a shorter time interval, the more computation cost will be. The more complex 

computing model, or the more detailed watershed processes, the more pressure on 

computational burden. The simplified description of hydrologic process discussed 

above can reduce the workload at the cost of accuracy performance. However, the 

tradeoff between computational burden and capability still exists. 

 With the development of high performance computing techniques, parallel 

algorithms have been developed to apply distributed hydrologic models in large-

scale watersheds (Vivoni et al., 2011). As listed in Table 2.7, Apostolopoulos and 

Georgakakos (1997) pointed out that the watershed units may be independent of 

each other if they fall into different sub-basins. A direct graph model was used to 

represent the channel system and divide the Wegee Creek watershed (21 km2) of 

Ohio state into 9 sub-basins. With up to 14 processing units, the streamflow 

responses to single flood events were estimated by a two-layer soil water interaction 

model in parallel.  

 With the advent of distributed cluster architectures and parallel computing 

algorithms, numerous studies have been conducted to explore feasibility of high-
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performance simulation for larger watershed over the past two decades (Cui, Vieux, 

Neeman, & Moreda, 2005; Kollet & Maxwell, 2006; J. Liu, Zhu, Qin, Wu, & Jiang, 

2016; Qin, Zhan, Zhu, & Zhou, 2014; Tian et al., 2008). Cui et al. (2005) conducted 

a parallelized application for flood forecasting in the Illinois river watershed (2400 

km2). The watershed was respectively divided into 533 or 55 sub-basins at a spatial 

resolution of 30 or 120 meters. The performance in efficiency was quite good with 

an increasing number of processors. Until up to 31 or 12 processing units, the 

speedup performance had been limited by the input/output (I/O) costs of reading 

and writing files. 

Table 2.7 Applications of high performance computing in watershed modeling. 

Watershed Size 
(km2) 

Partition 
(units) 

Scale 
(m/time) Process CPUs 

(GPUs) Source 

Wegee Creek 21 9 lumped streamflow 14 (Apostolopoulos & 
Georgakakos, 1997) 

Illinois river 2400 533, 55 30, 120 flood events 31, 12 (Cui et al., 2005) 

Little Washita 600 cell 1000/ 
hourly 

surface-
groundwater 100 (Kollet & Maxwell, 

2006; 2008) 

global 60°S-90°N cell 1000/ 
daily surface runoff 128 (Tian et al., 2008) 

northeast China 60 cell 10 flow 
accumulation 32 (Qin & Zhan, 2012) 

Little River 334 27 
1:24000/ 

daily 
SWAT 

calibration 500 (X. Zhang et al., 
2013) 

South Fork 788 86 

Qingshuihe 2300 115 30, 90, 270/ 
1 minute 

flow 
accumulation 24 (J. Liu et al., 2014) 

continental US 6.3×106 128×128 1000/ 
daily streamflow 16384 (Maxwell, Condon, 

& Kollet, 2015) 

Qingshuihe 6366 67 30, 90, 270/ 
1 minute 

flow 
accumulation 48 (J. Liu et al., 2016) 

 These parallel experiments can be classified into three broad types from the 

perspective of watershed units, grid cell, HRU or sub-basins. Kollet and Maxwell 

(2008) conducted a cell-based application for the one-year surface-groundwater 

dynamics. The Little Washita watershed (600 km2) in in Southwestern Oklahoma 
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was represented by grid cells with a spatial resolution of 1 kilometer. Previously, 

Kollet and Maxwell (2006) had conducted a theoretical case study to investigate 

the parallel efficiencies for up to 100 processing units. 

 Tian et al. (2008) conducted a grid-based global simulation of surface runoff. 

The global extent (60°S-90°N, 180°E-180°W) was represented by 2400 grid cells, 

and up to 128 processors were tested at a spatial resolution of 1 kilometer with the 

Land Information System (LIS). Maxwell et al. (2015) calculated the streamflow 

over the continental US (6.3×106 km2) with up to 16384 (128×128) processing units, 

that are responsible calculating the hydrological responses of more than 128×128 

sub-regions in parallel. Qin and Zhan (2012) proposed a raster-based parallel 

algorithm of flow accumulation calculation over an experimental watershed (60 

km2) in northeast China. Zhang et al. (2013) explored the efficiency performance 

of parallel computing in model calibration. Based on the SWAT model and 

ArcSWAT graphic user interface (GUI), up to 500 processing units were tested over 

two selected watersheds. The Little River watershed (334 km2) was divided into 27 

sub-basins, while the watershed (788 km2) was divided into 86 sub-basins. Liu et 

al. (2014; 2016) conducted a case study of flow accumulation calculation in the 

Qingshuihe watershed (6366 km2) with respectively up to 24 and 48 processors. 

 Dealing with the computational burden of high spatial-temporal resolution 

simulations in large-area watersheds, parallel computing algorithms are developed 

to share the pressures by multiple computer processors (Vivoni et al., 2011). As 

illustrated in Figure 2.9, the HRU-based distributed models are believed to be 

naturally parallelizable because the hydrological responses within different sub-

basins are independent of each other (Apostolopoulos & Georgakakos, 1997). 

  Figure 2.9 (a) shows an example of watershed consisting of 8 sub-basins, 

and the watershed outlet falls into the No. 8 sub-basin. The parallelization scheme 

demonstrates the division strategy of computational workload. The HRU-based 

parallelization schemes can be classified into two types, layered scheme and 

grouped scheme. Figure 2.9 (b) demonstrates the layered scheme, where the 

watershed units at the same layer are independent of each other. A direct graph is 
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involved to conceptually link the watershed units such as grid cells, HRUs or sub-

basins, and watershed units with the same depth are at the same layer. 

Apostolopoulos and Georgakakos (1997), Liu et al. (2014; 2016) used the layered 

scheme for parallel computing in hydrological modeling. Figure 2.9 (c) 

demonstrates the grouped scheme, where the watershed units falling into the same 

sub-basin are grouped into larger sub-regions. Multiple processors are assigned to 

perform the calculation in different regions, and additional computation capability 

is costed to balance the water exchanges between them. These watershed units can 

be grouped by balancing the upstream-to-downstream order, number of units, area 

of units, or frequency of exchanges. 

 

Figure 2.9 The parallel computing scheme in existing HRU-based models. 

 Obviously, the strategy of spatial partition may affect the task loading on 

different processing units. Vivoni et al. (2011) compared the impacts of sub-basin 

partitioning strategies on parallel efficiency, and suggested a balanced partitioning 

method to achieve the best efficiency performance. However, the parallel efficiency 

could be hampered because the partition-based parallelization is still a distributed 

or data-parallel scheme rather than a real task-parallel scheme (Andrade, Fraguela, 

Brodman, & Padua, 2009).  
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 Previous efforts have been made to overcome the problem of computational 

burden and computing capability. A more simplified description of watershed 

process may reduce the computational burden, while a more efficient parallelization 

scheme can significantly increase the computational capacity by adding processing 

units. Besides, the existing physically-based fully-distributed hydrological models 

have also suffered from the problem of over-parameterization. The main reason is 

that the subdivided HRUs need the support from distributed underlying conditions, 

and these conditions need a set of meteorological, geographic, topographic, 

hydrologic, and hydraulic parameters. The interactions between underlying factors 

and responses are too sophisticated to describe with insufficient parameters. 

 The shortcomings existing in the physically-based distributed hydrological 

models include, (1) redundant representation of watershed processes, (2) over-

parameterization of physical interactions, and (3) unavoidable tradeoff between 

computational burden and capability. To overcome these shortcomings, this study 

proposes an integrated, simplified, and efficient watershed modeling framework. 

This so-called particle-set distributed model consists of two parts, the TIN-based 

flow path network and a rainfall-runoff particle system. The former represents the 

underlying watershed surface with the one-dimensional upstream-to-downstream 

structure, while the latter represents the transportation of rainfall and runoff with a 

set of moving particles.  

 

 In summary, this chapter provides a more detailed review of previous 

studies on watershed cycle mechanisms, hydrological models, and support 

techniques. With the assistance of TIN-based basin models, parallel computing 

techniques, this study proposes a particle-set framework for watershed modeling. 
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Chapter 3 The Particle-set Framework 

This chapter aims to introduce the structure of particle-set hydrological model. It is 

carried out in two phases, overall framework and detailed module structure.  

3.1 Overall Conceptual Framework 
The proposed particle-set model consists of two parts, phase of terrain analysis (T-

phase) and hydrological modeling (H-phase). The former builds the underlying 

flow path network, and the latter controls the dynamic simulation of watershed 

processes. As illustrated by Figure 3.1, there are three steps (T1, T2, T3) in the T-

phase, and three other steps (H1, H2, H3) in the H-phase, with an additional step of 

evapotranspiration (ET) for estimating the loss in runoff during the process of 

surface flow transportation. 

 

Figure 3.1 The overall framework of particle-set hydrological modeling. 
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 The phase of terrain analysis focuses mainly on building the simplified 

representation of underlying watershed based on topographic and geographic data. 

The first step in T-phase (T1) corresponds to the creation and optimization of 

drainage-constrained TIN structure, the second T-phase step (T2) is responsible for 

sampling random points within a watershed, and the third T-phase step (T3) 

combines the above two structures to generate the vector-based flow path network. 

 Besides, the phase of hydrological modeling focuses more on simulating the 

spatial and temporal dynamics of surface runoff based on climate observations and 

underlying watershed representation. The first step in H-phase (H1) corresponds to 

the calculation of surface flow from rainfall inputs according to the underlying 

watershed conditions, the second H-phase step (H2) is responsible for generating 

runoff particles according to the production of surface flow (H1), and the third H-

phase step (H3) controls the movements of runoff particles (H2) along with the flow 

path network (T3). As a result, the distribution of runoff particles in space and time 

represents the spatial and temporal dynamics of surface flow. 

 Actually, the water interactions between the watershed elements are usually 

too complex to describe with empirical calculations of exchanges. In addition, as 

illustrated in Figure 3.1, the ET step in H-phase corresponds to the estimation of 

evaporation and transpiration during the process of runoff transportation. This study 

focuses mainly on building the modeling framework, thus the performance in 

accuracy of simulation results is yet to be further researched. 

3.1.1 Phase of terrain analysis (T-phase) 

The T-phase relies mainly on topography. Figure 3.2 illustrates the three main steps 

in the process of terrain analysis. A gridded DEM is used to create the drainage-

constrained TIN structure (Q. Zhou & Chen, 2011), and the TIN structure is then 

used to delineate flow paths from a set of starting points in the watershed (Y. Chen 

et al., 2014). Each starting point, representing the source of a flow path, is randomly 

selected from each grid cell. The constraining grid net is related to the distributed 

climate data. 
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 As shown in Figure 3.2, the drainage-constrained TIN structure is created 

from scattered terrain points (vertices of triangular facets) and embedded stream 

lines (constraining features). 

 

Figure 3.2 The phase of terrain analysis in particle-set hydrological model. 

 The CPE method proposed by Zhou and Chen (2011) is used to extract 

terrain points and mainstream lines because only the gridded DEM is required. A 

grid net is created for random points sampling, and the size of grid cell is related to 

the spatial resolution of gridded DEM (Y. Chen & Zhou, 2013). The number of 

starting points affects the drainage density, and the influence on flow estimation 

will be further discussed. Based on the starting points and hydrologic TIN structure, 

a vector-based flow path tracking algorithm is implemented to delineate flow 

pathways over the TIN surface. Besides, the depression and flat areas existing in 
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the TIN structure are preprocessed by an optimization algorithm (F. Zhang, Zhou, 

Li, Wu, & Liu, 2017). Detailed description of above steps will be discussed in the 

sections below. 

3.1.2 Phase of hydrologic modeling (H-phase) 

The H-phase relies more on hydrology. Figure 3.3 illustrates the three main steps 

in the process of hydrological modeling. The commonly used SCS-CN method, is 

also to calculate the production of flow from rainfall inputs (Arnold et al., 1993; 

USDA, 1962; Winchell et al., 2013).  

 

Figure 3.3 The phase of hydrological modeling in particle-set framework. 

 Based on the disaggregation of SWAT outcomes are distributed in space 

and time, runoff particles are generated and assigned into the starting nodes of flow 

paths. Finally, these runoff particles will keep on moving along the upstream-to-

downstream directions under the control of flow velocities on flow path segments. 

The field distribution of path flow velocities is determined by hydraulic principles 

and underlying conditions. During the process of flow generation (H1), the 
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evapotranspiration from canopy, soil and water surface are described by water 

balance equations (Arnold et al., 1993). During the process of runoff transportation 

(H2, H3), the loss and seepage (recharge) in runoff (ET) still need further study. 

3.2 Detailed Model Structure 
Figure 3.1 shows the overall design of the particle-set hydrological model, this 

section aims to clarify the detailed design of terrain analysis and hydrologic 

modeling steps. Among these procedures, this study makes original contributions 

including (1) optimization of Delaunay TIN for removing depression nodes and flat 

facets in TIN structure, (2) delineation of vector-based flow path for generating 

one-dimensional upstream-to-downstream topological structure, (3) determination 

of flow velocity field distribution for supporting transportation of runoff particles, 

and (4) tracing runoff particles in parallel for simulating surface runoff dynamics 

in space and time. However, to make the general logic more apparent, this section 

presents the model structure in the sequential order that those interactions occur. 

3.2.1 Drainage-constrained triangulation (T1) 

The particle-set hydrological model represents the underlying watershed surface by 

a drainage-constrained TIN structure. This TIN structure is created and optimized 

in the following three steps, (1) dealing with depression and flat cells on DEM, (2) 

creating TIN from terrain points and mainstream features extracted from DEM, and 

(3) dealing with depression nodes and flat areas on TIN. 

(1) depression and flat areas on gridded DEM  

As the most commonly used data structure for terrain analysis, the gridded DEM 

has always been applied in hydrological modeling applications because of its ease 

of implementation and the rapidly growing processing techniques (Z. Li et al., 

2004). Taking the D8 algorithm discussed above as an example, flow direction on 

each grid cell is determined from its eight neighbor cells (O'Callaghan & Mark, 

1984). Flow accumulation map is created by iteratively counting the number of 

upstream grid cells, and stream lines are thus extracted by distinguishing the valley 
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cells (with larger upstream area) from hillslope cells (with lesser upstream area). 

 The occurrences of flat and depression cells in gridded DEM may cause 

significantly inconsistent results in terrain analysis (Poggio & Soille, 2011; Q. Zhou 

& Liu, 2002). As demonstrated in Figure 3.4 (a), a sink is a grid cell or a set of 

spatially connected cells whose flow direction cannot be assigned to any one of the 

neighbor cells. Taking the depression cell in Figure 3.4 (a) as an example, the 

central cell has the lowest elevation (𝑧𝑚𝑖𝑛) than its eight neighbor cells. Similarly, 

a flat cell that has the same elevation to its lowest neighbor cell (𝑧𝑓𝑖𝑙𝑙) may also 

cause distortion in determination of flow direction. These sinks or flat areas in 

gridded DEM occur mostly in the process of production (e.g., interpolation from 

scattered points) or storage (e.g., converting float to integer values). However, 

preprocessing step is required to remove these depression and flat cells.  

 

Figure 3.4 The occurrences of depression cases in gridded DEM and TIN. 

 Many studies have been carried out to solve this problem to ensure that each 

grid cell has at least one outward flow direction (Jenson & Domingue, 1988; F. Pan, 

Stieglitz, & McKane, 2012). The methods dealing with flat areas and depressions 

on DEMs are grouped into two types, (1) directly defining the flow directions 

without altering cell elevations (Kenny, Matthews, & Todd, 2008; L. Wang & Liu, 

2006), or (2) iteratively adjusting the elevations of the special cells (Fairfield & 
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Leymarie, 1991; O'Callaghan & Mark, 1984; Soille, 2004). Either type of method 

can effectively rectify special cases to produce realistic stream networks from 

gridded DEM. A typical example is the JD algorithm proposed by Jenson and 

Domingue in (1988), as illustrated by the filling process in Figure 3.4 (a),which has 

been implemented in the ArcGIS platform and commonly used to identify and fill 

the depressions on gridded DEMs.  

 Pan et al. (2012) pointed out that the latter is more useful for hydrological 

applications than the former, because the untreated zero-slope cells could affect the 

proper estimation of topographic parameters. The PDEM algorithm introduces a 

linear interpolation method to deal with the depression cells and flat areas (at least 

two adjacent cells with the same elevation). The outcomes are free of sinks and flat 

areas, where the pit cells are filled and flat cells are inclined. At the price of 

computational time, the PDEM algorithm is believed to have mostly solved the 

problem of treating flat areas and depressions on DEM (F. Pan et al., 2012). This 

study thus involves the PDEM tool (http://www.geography.unt.edu/~fpan/PDEM) 

developed by Pan et al. (2012) based on Processing platform (https://processing.org) 

for dealing with the depression and flat areas on gridded DEM. 

(2) compound point extraction (CPE) method  

Based on the filled DEM, free of depression and flat cells, this study creates the 

drainage-constrained TIN to represent the underlying watershed surface (Q. Zhou 

& Chen, 2011). As shown in Figure 3.5, the by the compound point extraction (CPE) 

method has both the advantages of point-additive and feature-additive algorithms 

to retain the geomorphic and hydrographic features (Y. Chen & Zhou, 2013).  

 The CPE-based drainage-constrained TIN is generated from a gridded DEM 

only. As illustrated by the flow chart in Figure 3.5, the original DEM is used to 

produce both scattered terrain points and mainstream features (Q. Zhou & Chen, 

2011). Figure 3.6 shows an example for the creation of CPE-based TIN, the critical 

terrain points (black points) are extracted by the maximum z-tolerance algorithm 

(Chang, 2015), and the raster-based D8 algorithm is applied to extract the 
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mainstream lines (red streamlines) and the supplemental terrain points (pink points) 

(O'Callaghan & Mark, 1984). 

 

Figure 3.5 The compound point extraction method for creating hydrologic TIN. 

 

Figure 3.6 The creation of CPE-based drainage-constrained TIN structure. 
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 To avoid the silver triangles, as shown in Figure 3.5, the elevation points 

that are too close to the critical terrain points or the main streamlines are excluded 

from TIN construction. As shown by the example in Figure 3.6 (c), a triangulation 

is generated by the Delaunay rule from the scattered terrain points, supplemental 

stream points and generalized constraining lines (Tsai, 1993). However, due to the 

occurrences of depression and flat areas in Delaunay TIN structure, it still needs 

optimization before the construction of flow path network (H. R. de A. Freitas, 

Freitas, Rosim, & Oliveira, 2016; N. L. Jones et al., 1990; F. Pan et al., 2012). 

(3) optimization of CPE-based TIN 

In Delaunay triangulation, the facets are formed based only on the consideration of 

two-dimensional spatial neighborhood and direction relation (Tsai, 1993). However, 

there is no guarantee of good fitness between the relatively regular triangle and the 

underlying terrain surface, which is essential to the determination of flow direction. 

 There are still some inconsistent cases that may cause distortion or 

disconnection in delineation of flow paths (F. Zhang et al., 2017). Taking the 

theoretical surface in Figure 3.7 (a) as an example, there is a straight valley flowing 

from upside to downside, and four terrain points (blue points) are extracted from 

the terrain surface for TIN creation. The Delaunay mesh in Figure 3.7 (b) shows 

that the flow directions (blue arrow) on the terrain surface have been overturned or 

distorted, and the upstream valley point would become a sink in the TIN structure. 

 

Figure 3.7 The occurrences of inconsistent cases in Delaunay triangulation. 
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 The CPE-based drainage-constrained TIN involves supplemental valley 

points and stream lines to partly overcome these inconsistent cases. As shown in 

Figure 3.7 (c), though if there are two valley points (pink points) are inserted into 

the triangulation, the Delaunay facets may still cause distortion. As constrained by 

a stream channel (blue line) falling into the valley, illustrated by Figure 3.7 (d), the 

flow directions on the triangular facets are rectified. Meanwhile, the embedding 

stream edges have improved the fitness between the drainage-constrained TIN and 

the land surface. That is the main reason for the good performance of CPE-TIN in 

retaining both geomorphic and hydrographic features (Y. Chen et al., 2012). 

However, such as the situation in Figure 3.7 (c), there may still be some inconsistent 

cases because of insufficient support from constraining features.  

 Freitas et al. (2016) proposed an interpolation algorithm to deal with the flat 

areas and pits in TIN structure. A linear interpolation method was developed to 

remove flat areas and pits by inserting new points into a contour-based triangulation. 

Though this approach has proven to be an effective strategy for the removal of 

inconsistencies in TIN, there still are some drawbacks in practical applications. The 

creation of TIN structure relied mainly on contour lines, which were also relied 

upon for identifying and rectifying flat areas and pits. Moreover, the linear 

interpolation method may also produce redundant points and facets. That is, 

research gap remains between the hydrologic TIN structure and TIN-based flow 

routing applications.  

 This study, therefore, develops a simple and practical optimization 

algorithm to deal with the inconsistent situations. As illustrated in Figure 3.8, the 

inconsistent cases in the CPE-based drainage-constrained TIN are iteratively 

identified and rectified by a triangulation-based optimizing method. Figure 3.8 

shows the workflow of TIN optimization procedure, the inconsistent situations in 

TIN structure are classified into three main types, depression nodes, V-shape flat 

edges and flat triangular facets.  

 Figure 3.9 demonstrates the reshaping strategy for identifying and rectifying 

inconsistent cases in TIN structure. As illustrated by Figure 3.4 (b) and Figure 3.9 
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(a1), a pit denotes a node or a group of connected nodes that all the surrounding 

nodes are of higher elevation values. The aspect values of the surrounding triangular 

facets are towards the pit. As discussed above, this situation occurs frequently in 

the Delaunay TIN structure because the elevation points are linked based only on 

their two-dimensional distance and direction relations. 

 

Figure 3.8 Optimization workflow of CPE-based TIN structure. 

 The removal of pits is divided into two steps: identification and rectification. 

Referring to the identifying approach of depressions in gridded DEM structure 

(Lindsay & Creed, 2006), the identification of sink nodes in TIN structure is also 

under the control of an elevation tolerance. For the removal of sink nodes, Jones et 

al. (1990) suggested involving auxiliary breaking lines as constraining features, and 

Freitas et al. (2016) proposed a linear interpolation method to produce additional 
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generate breaking lines without any additional interpolated points. As illustrated by 

Figure 3.9 (a2), the lowest node near to the sink node (blue point) is located to 

create a break line segment (blue line). Based on the adjacency distances in 

triangulation, the nodes near to the sink node are identified as first-order, second-

order, or higher-order adjacent nodes. The order of adjacency is defined by the 

number of facet edges on the shortest path to the processing node.  

 

Figure 3.9 Strategy for identifying and rectifying inconsistent cases in TIN. 

 For each sink node, the searching operation starts from the second-order 

adjacent nodes because all the first-order adjacent nodes are of higher elevation 

value. If there is no such a lower node within the searching adjacency distance, then 

it expands the searching distance until a lower outlet node is found. As shown in 

Figure 3.9 (a2), a breaking line (blue line) linking the sink node to the lower node 

is then generated and embedded to reshape the TIN model. To avoid skinny facets, 

the nodes that are too near to the breaking line are excluded from TIN creation. 

 The flat areas occur frequently in valleys or stream channels because of lack 

of supporting points. Figure 3.9 (b1) shows the V-shape edges that the aspect or 

flow direction of each of its adjacent triangle is towards it. by Figure 3.9 (c1) shows 
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the flat triangles that all the vertices have the same elevation values. In vector-based 

flow routing algorithms, the water dropping onto or flowing into these areas may 

be misrouted because of distorted flow directions or disconnected flow paths. To 

ensure proper flow routing on TIN-based terrain model, these V-shape flat edges 

and flat triangles should be eliminated. Freitas et al. (2016) proposed a contour-

based method to remove flat triangles by inserting additional breaking lines. The 

elevation values of these inserted points are linearly interpolated along the valley 

or ridge lines. This approach relies heavily on contour lines, and increases storage 

and computation burden of TIN structure. In this study, a triangulation-based 

generalizing method is used to remove flat areas without increases in storage or 

computation burden. As illustrated by Figure 3.9 (b2) and (c2), these V-shape flat 

edges or flat triangles are respectively dissolved and generalized to their center 

points, which are then inserted into triangulation to replace the flat areas. Similar 

with the filling process in grid-based flow routing applications, the process of TIN 

optimization is iterative, because the reconstruction of TIN structure may produce 

new pits and flat areas. Only when the TIN structure is free of inconsistent cases 

can the flow directions be properly determined to support TIN-based flow routing. 

 Figure 3.10 shows the examples of these inconsistent situations in the 

drainage-constrained TIN structure. Figure 3.10 (a1), (b1) and (c1) illustrate the 

distributions of flat triangles, V-shape flat edges and sink nodes. For ease of 

illustration, a typical example for each on the CPE-TIN is selected and magnified 

by Figure 3.10 (a2), (b2) and (c2), while Figure 3.10 (a3), (b3) and (c3) show the 

corresponding outcomes on the optimized TIN. The locations of the situations are 

highlighted in different colors on a background image of topographic terrain. The 

blue lines in Fig. 8 (a1), (b1) and (c1) represent the constraining mainstream 

features. The grey lines in the rest figures denote the TIN edges, and the annotated 

numbers denote the elevation values of the TIN vertices. 

 The case shown in Figure 3.10 (a2) is an example of the flat triangles, while 

the vertices of the three adjacent triangles have the same elevation value of 3156 

meters. These triangles might cause distortion in flow routes because the flow 
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direction of this area remains undetermined. The flat triangles, as shown by Figure 

3.10 (a3), were then merged and generalized to a center point.  

 

Figure 3.10 The examples of inconsistent situations in TIN optimization. 

 The case shown in Figure 3.10 (b2) is an example of the V-shape flat edges, 

the vertices of the adjacent edges have the same elevation value of 2943 meters. 

These edges might also cause distortion in the process of flow routing due to the 

same reason with flat triangles. When the surface flows run into these edges, it is 

still unable to determine the flow directions. To overcome this problem, as shown 

by Figure 3.10 (b3), the adjacent V-shape flat edges were dissolved and generalized 

to a center point as well. 

 The case shown in Figure 3.10 (c2) is an example of a sink node, the vertex 

with an elevation value of 3333 meters is lower than each of its connected vertices. 
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The pits might cause disjointed flow routes as there is no downslope edge or triangle 

to flow to. As discussed above, these situations occur frequently due to the 

Delaunay rule of triangulation. As illustrated in Figure 3.10 (c3), the lowest second-

order adjacent vertex with an elevation of 3320 meters was selected and linked. The 

breaking line between the sink node and the lower outlet node was linked and 

embedded to reshape the TIN structure and eliminate the pits. Besides, to avoid 

skinny triangles, the vertex with an elevation of 3323 meters was removed because 

it is too near to the breaking line. 

 In summary, this step (T1) focuses mainly on creating and optimizing a 

drainage-constrained TIN structure. To reach that goal, three steps are taken, filling 

gridded DEM, extracting terrain features, and optimizing TIN structure. 

3.2.2 Grid-constrained random sampling (T2) 

Vector-based flow path tracking relies on the selection of starting points over terrain 

model. Figure 3.11 shows the two most common types of source sampling strategies, 

geometric centers or random points. The former assigns one starting point to each 

terrain facet (N. L. Jones et al., 1990; Q. Zhou et al., 2011), while the latter uses an 

independent grid net to generate random points (Y. Chen et al., 2014). 

 

Figure 3.11 Selection of starting points for vector-based flow path tracking. 
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 Figure 3.11 (a) demonstrates the selection of source points for tracking flow 

paths over the triangulated facet network (Q. Zhou et al., 2011). The triangulated 

facet network is created from a gridded DEM by linking the centers of diagonally 

adjacent grid cells according to fitness to original terrain surface. The geometrically 

central points of regularly triangular facets are selected for tracking flow paths. This 

selection facilitates the calculation of upstream flow accumulation, which 

corresponds to the specific catchment area along with the flow paths. For irregularly 

triangulated facets, Jones (1990) also selected the geometric centers of triangular 

facets to delineate the drainage patterns. In contrast with the streamlines in D8 

algorithm, the vector-based flow paths have quite different meanings for 

hydrological modeling (O'Callaghan & Mark, 1984). The starting points of D8 

streamlines have the same upstream accumulation area, while those vector-based 

flow paths start from regularly or randomly selected sources. 

 Chen et al. (2014) pointed out that the selection of source points for vector-

based flow routing should be consistent with the geographical and climate data. 

This study, therefore, uses an independent grid net to generate random points for 

flow routing. As demonstrated by Figure 3.11 (b), a grid net is created according to 

the spatial scale of climate data, and one starting point is randomly selected within 

each grid cell. Since the constraining grid net is independent of underlying terrain 

surface, these random source points can then be used for representing the process 

of flow production. As shown in Figure 3.11 (b), the starting points falling into the 

same facet must have the same flow direction. 

 The flow direction and velocity depends on aspect and slope of triangular 

facet. As illustrated in Figure 3.12, the three-dimensional coordinates of the three 

vertices of a triangular facet are used to determine the flow direction over TIN 

surface. Assuming that a triangular facet is formed by three vertices, 𝐴 (𝑥1, 𝑦1, 𝑧1), 

𝐵 (𝑥2, 𝑦2, 𝑧2) and 𝐶 (𝑥3, 𝑦3, 𝑧3), and can be described by a two-dimensional plane 

formula as following.  
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Figure 3.12 The determination of flow direction over triangular facet. 

 Assuming that the triangle has a normal vector �⃗� , that can be decomposed 

into the sum of two base vectors, the horizontal component 𝛼  and the vertical 

component 𝛽 . As a result, the slope of facet is represented by the angle between the 

vertical component 𝛽  and normal vector �⃗� , and the horizontal component 𝛼  

represents the facet aspect. Taking the facet in Figure 3.12 (a) as an example, the 

slope (𝑆) and aspect (𝐴) can be calculated by the following equations. 

 𝑧 = 𝑓(𝑥, 𝑦) = 𝑎𝑥 + 𝑏𝑦 + 𝑐 (3.1) 

 tan 𝑆 =  
‖𝛼 ‖
‖�⃗� ‖

= √𝑓𝑥
2 + 𝑓𝑦

2 (3.2) 

 𝑆 =  arctan√𝑓𝑥
2 + 𝑓𝑦

2 (3.3) 

 𝐴 = 180° − arctan
𝑓𝑦
𝑓𝑥
+ 90° ×

𝑓𝑥
‖𝑓𝑥‖

 (3.4) 

 

{
 

 𝑓𝑥 =
𝜕𝑓(𝑥, 𝑦))
𝜕𝑥

= 𝑎 gradient in X axis

𝑓𝑦 =
𝜕𝑓(𝑥, 𝑦))
𝜕𝑦

= 𝑏 gradient in Y axis
 (3.5) 
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where 𝑓𝑥 and 𝑓𝑦 respectively represent the gradients in west-east and north-south 

directions, ‖𝑥‖ means the length of vector, and ‖�⃗� ‖ equals to 1. 

 Based on the above formulas, for example, the aspect and slope for the facet 

in Figure 3.12 (a) are respectively 225° and 30°. For the flat facet in Figure 3.12 

(b), both 𝑓𝑥 and 𝑓𝑦 equal to zero, and the facet slope 𝑆 equals to 0°. However, the 

facet aspect 𝐴 remains undetermined (denoted as -1). That is the main reason why 

flat facets must be removed before vector-based flow path tracking (F. Zhang et al., 

2017). Figure 3.13 illustrates the procedure of source point sampling, (1) creating 

an independent grid net, (2) selecting random source points, and (3) determining 

flow directions for triangulated facets of drainage-constrained TIN structure. 

3.2.3 Vector-based flow path tracking (T3) 

The objective of the flow path tracking process is to track flow paths from starting 

points over the TIN surface. Based on the constant flow directions of triangular 

facets, the flow paths can automatically be delineated by tracing the physical 

movements of water volumes between triangulated terrain facets. 

 There are no significant differences between the vector-based flow path 

tracking algorithms used by Jones et al. (1990), Zhou et al. (2011), and Chen et al. 

(2014). The only difference between these studies is that the underlying terrain 

models are respectively Delaunay triangulation, partitioned triangulated facet 

network, and drainage-constrained TIN structure. The flow path tracking process 

can be demonstrated as a walking algorithm.  

 {
𝑧1 = 𝑎𝑥1 + 𝑏𝑦1 + 𝑐
𝑧2 = 𝑎𝑥2 + 𝑏𝑦2 + 𝑐
𝑧3 = 𝑎𝑥3 + 𝑏𝑦3 + 𝑐

 (3.6) 

 

{
 
 

 
 𝑎 =

(𝑦1 − 𝑦3)(𝑧1 − 𝑧2) − (𝑦1 − 𝑦2)(𝑧1 − 𝑧3)
(𝑥1 − 𝑥2)(𝑦1 − 𝑦3) − (𝑥1 − 𝑥3)(𝑦1 − 𝑦2)

𝑏 =
(𝑥1 − 𝑥2)(𝑧1 − 𝑧3) − (𝑥1 − 𝑥3)(𝑧1 − 𝑧2)
(𝑥1 − 𝑥2)(𝑦1 − 𝑦3) − (𝑥1 − 𝑥3)(𝑦1 − 𝑦2)

𝑐 = 𝑧1 − 𝑎𝑥1 − 𝑏𝑦1

 (3.7) 
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Figure 3.13 Sampling random sources of flow paths in particle-set model. 
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 Soukal et al. (2012) investigated the TIN-based methods of point location, 

and summarized these methods as walking algorithms under different operating 

principles. However, only if the terrain model is free of inconsistent cases, the 

above vector-based tracking algorithm can perform normally. By combining the 

above optimized hydrologic TIN and randomly selected source points, therefore, 

this section tries to briefly clarify the process details for tracking flow paths. For 

tracking vector-based flow paths, as illustrated by Figure 3.14, once a starting point 

is selected or a flow path node is determined as the current flow path node, the 

location of the next flow path node can be estimated by following procedures. 

 

Figure 3.14 Workflow of flow path tracking over TIN surface. 

 Figure 3.15 (a) shows the three possible locations of a flow path node in the 

processing facet, it may fall onto a vertex, within an edge or inside a triangle. If the 

current path node falls into a boundary edge or an embedded main stream edge, the 

current flow path line ends or integrates with the main drainage networks 

respectively. In these situations, the current flow path line would be recorded, and 

a new path line starts from the next starting point. Otherwise the flow path line 

continues to move to the next path node. 
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 If the current flow path node is not an ending point, as shown in Figure 3.15 

(a), there are three kinds of situations can be distinguished. If it falls into a triangle, 

as illustrated by Figure 3.15 (b), the path line moves across the facet along the 

aspect direction. If it falls into an edge, as illustrated by Figure 3.15 (c) and (d), the 

path line may move along the valley edge to the downslope vertex or across the 

common edge to the adjacent triangle. Otherwise, if it falls onto a vertex, as 

illustrated by Figure 3.15 (e) and (f), the path line may move along the steepest 

downslope V-shape edge or across the steepest downslope triangular facet. 

 

Figure 3.15 Strategy of gradient-based flow routing between vector facets. 

 Based on the vector-based flow path tracking algorithm, as shown by Figure 

3.16, a topological structure is defined to describe the upstream-to-downstream 

flow path network within the watershed. Chen et al. (2014) pointed out that the flow 

(a) on vertex

inside triangle

within edge

(b) across downslope
triangle

(c) along V-shape
valley edge

(d) across adjacent 
triangle

(f) across steepest
triangle

(e) along V-shape
valley edge



 

84 

path network model represents the three-dimensional underlying watershed surface 

with a one-dimensional structure.  

 

Figure 3.16 The underlying flow path network in particle-set model. 

 From the perspective of watershed representation, the flow path network 

provides a significantly simplified structure for underlying surface in comparison 

with those above mentioned HRU-based representations. This watershed 

representation is believed to reduce the workload of hydrological modeling by 

simplifying the three-dimensional water interactions to the one-dimensional 

movements. Besides, from the perspective of drainage system, this structure is very 

different from the drainage pattern extracted from flow accumulation map, mainly 

due to the random selection of source points. The starting points of flow paths can 

seamlessly integrate with the distributed climate data such as rainfall intensities. 

3.2.4 Estimation of flow generation (H1) 

According to the processes in Figure 3.3, the hydrological modeling phase consists 

of three hydrologic steps (H1, H2, and H3) and an additional climate step (ET). The 

following sections mainly clarify the process details in the phase of hydrological 

modeling (H-phase). For the estimation of flow production (H1), as illustrated in 

Figure 3.17, the SCS-CN method implemented in the SWAT model is involved. 
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 First, the underlying watershed surface is divided into sub-basins. 

According to the flow accumulation map calculated by the D8 algorithm, a 

threshold value of upstream accumulation area is determined to extract mainstream 

lines. Based on the confluences of drainage networks, the boundaries of the sub-

basins are delineated (O'Callaghan & Mark, 1984). Second, the distributed 

topographic (terrain slope) and geographic data (land use and land cover, soil 

characteristics) are reclassified for retrieving curve numbers, that represent the 

capacity of surface flow production from rainfall inputs (USDA, 1962). Third, the 

above sub-basins and reclassified maps are overlapped to create HRUs with 

homogenous hydrologic, topographic, and geographic characteristics. Fourth, each 

irregular patch HRU will response to the rainfall intensity independently (Arnold 

et al., 1993; 1998). Based on the daily water balance within a HRU, the production 

of surface flow is estimated from climate conditions (rainfall, air temperature) and 

infiltration capacities (curve numbers, initial water absorption).  

 

Figure 3.17 Estimation of flow production with water balance equations. 

 The main objective of this step (H1) is to estimate the hydrologic response 

(flow production) to the climate conditions (rainfall, temperature). The most 

commonly used SWAT model is used to calculate flow generation (Arnold et al., 

1993; 1998). Equation (2.1) can be used to describe the water balance between 

rainfall input (𝑃), evapotranspiration loss (𝐸), flow production (𝑄) and changes in 

water storage (Δ𝑆) of plant canopy, soil moisture and groundwater. 
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 The SCS-CN method developed by USDA is integrated into SWAT model 

to describe the infiltration capacities of underlying watershed units (Arnold & 

Fohrer, 2005). Soulis and Valiantzas (2012) pointed out the main difficulty in SCS-

CN method that the CN values are actually vary significant from storm to storm on 

any watershed. This method is likely to be weak because lacking the consideration 

of rainfall intensity, spatial scale, and antecedent moisture conditions. However, 

with a focus on building a high-performance watershed modeling framework, this 

study still uses this method for describing the water storage capacity in each HRU. 

where 𝐶𝑁, with a range from 30 to 100, is an empirical parameter determined by 

the soil group, land use and topographic factors. Δ𝑆𝑠 is the potential maximum soil 

moisture, which is generally assumed to be linear with the initial watershed 

abstraction 𝐼𝑎, and the weighting coefficient 𝑎 is set to 0.2 in the SWAT model. 𝑄 

represents the daily production of surface flow. 

 Based on the specific terrain characteristics, soil types and land use 

conditions of the HRUs, the CN values are determined by retrieving from the 

National Engineering Handbook, Section 4: Hydrology (NEH-4) tables (USDA, 

1962). As shown by Equation (3.8), (3.9) and (3.10), the single CN value can 

describe the hydrologic response to rainfall intensities. On the one hand, this 

study uses the SWAT model to estimate daily flow production from daily rainfall 

intensities within the whole watershed. On the other hand, the CN values are also 

used for disaggregation of surface flow in both space and time. The process details 

of runoff disaggregation will be clarified in the following H-phase step (H2). 

 Δ𝑆𝑠 = 25.4 × (
1000
𝐶𝑁

− 10) (3.8) 

 𝐼𝑎 = 𝑎 × Δ𝑆𝑠, 𝑎 = {
0.2 SCS-CN method (1962)
0.05 Woodward et al. (2003) 

(3.9) 

 𝑄 = {
0 for 𝑃 ≤ 𝐼𝑎

(𝑃 − 𝐼𝑎)2

𝑃 − 𝐼𝑎 + Δ𝑆𝑠
for 𝑃 > 𝐼𝑎

 (3.10) 
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3.2.5 Generation of runoff particles (H2) 

The SWAT model estimates daily flow production from daily rainfall volume 

with the assistance of hydrologic response indicators (CN values) and climate 

conditions (highest air temperature, lowest air temperature) (Arnold & Fohrer, 

2005). However, these outcomes still need to be disaggregated in both space and 

time. The generation of runoff particles relies on the spatially distributed surface 

flow production over time. 

 As mentioned above, the empirical SCS-CN method is mainly used to 

calculate the daily production of surface flow of the whole watershed. As 

demonstrated in Figure 3.18 (a), therefore, this study uses a disaggregation method 

for generating temporally and spatially distributed surface flow. Equation (3.8), 

(3.9) and (3.10) prove that the CN values represent the capacity of flow production. 

where 𝑃𝑗𝑖 is the hourly rainfall volume at the 𝑗-th hour on the 𝑖-th day, 𝑃𝑖 is the daily 

rainfall volume of the 𝑖-th day.  

 A lower CN value indicates a less amount of potential flow generation, 

while higher values mean increasing flow generation. Figure 3.18 (b) demonstrates 

the temporal distribution of decomposing daily runoffs into hourly or sub-hourly 

runoffs according to hourly rainfall intensity. Figure 3.18 (c) shows the spatial 

distribution of allocating the hourly HRU runoffs into source points according to 

different 𝐶𝑁 values.  

where 𝑄𝑗𝑖(𝑘) is the rainfall intensity in the 𝑘-th HRU of the watershed, which has a 

hydrological response indicator 𝐶𝑁(𝑘). 𝐶𝑁̅̅ ̅̅  means the average 𝐶𝑁 of the entire 

 𝑄𝑗𝑖 = 𝑄𝑖 ∙
𝑃𝑗𝑖

𝑃𝑖
 (3.11) 

 𝑄𝑗𝑖(𝑘) = 𝑄𝑗𝑖 ∙
𝐶𝑁(𝑘) − 30
𝐶𝑁̅̅ ̅̅ − 30

 (3.12) 
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watershed. The normalized 𝐶𝑁 values, as expressed by (𝐶𝑁 − 30) (𝐶𝑁̅̅ ̅̅ − 30)⁄ , 

can be regarded as the runoff ratios for representing the flow production capacity. 

 

Figure 3.18 Disaggregation of surface flow production in time and space. 

 At each starting point of flow path, a beam of runoff particles will be 

generated according to the specific surface flow production over time. There are 

two parameters, density (𝜌𝑝) and initial position (ℒ𝑝), controlling the generation of 

runoff particles. The former determines the number of runoff particles per each one 
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millimeter (mm) of surface flow (temporal distribution), while the latter controls 

the initial distribution of runoff particles (spatial distribution) along the flow paths. 

This study, therefore, sets the value of particle density (𝜌𝑝) to 10, 20 and 30 per 

each millimeter of flow production for testing the performance under different 

workloads. Besides, these runoff particles will be evenly distributed along the flow 

paths unless the rainfall intensity changes. That is, the time interval between two 

consecutive particles is determined by the number of particles over each time step. 

3.2.6 Upstream-to-downstream movements (H3) 

Once a runoff particle is generated at a selected starting point, it moves along the 

flow paths under the control of field distribution of flow velocity (Y. Chen et al., 

2014). The step of upstream-to-downstream movement tracing focuses mainly on 

monitoring the surface runoff variation in space and time. As illustrated in Figure 

3.19, the dynamic movements of runoff particles are described from four aspects, 

(1) determination of flow velocity, (2) calculation of flow time, (3) accumulation 

of runoff particles, and (4) spatial and temporal distribution of surface runoff.  

(1) determination of flow velocity 

The fundamental driving factor is the flow velocity along the path segments, which 

is affected by topographic and hydraulic principles. The commonly used isochronal 

method and area-time curve method estimate the outlet discharges under the 

assumption of uniform distribution of water flow velocity (Rui et al., 2008). Chen 

et al. (2014) used the Manning’s formula to calculate the constant flow velocity 𝑣 

on each path segment, as illustrated in Equation (2.18). 

 The Manning's formula is used to determine flow velocity in channels. Both 

𝑅𝑟  and 𝑆𝑟  rely on topography and water volume, which makes it difficult to 

determine the field distribution of flow velocity. The 𝑅𝑟 is widely assumed to be 

related to the discharge from the upstream area, and 𝑆𝑟 can be approximated to the 

terrain slope of path segment (Maidment et al., 1996; Rui et al., 2008). This study, 

therefore, estimates the field distribution of flow velocity by a modified formula. 
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where 𝑅 is the upstream accumulation area, and 𝑆 is the steepest slope of grid cells 

on gridded DEM. [𝑋]𝑚  represents the average value of variable 𝑋 in the whole 

watershed, and 𝑣𝑚 is the average flow velocity of entire watershed. The parameter 

𝛽 is an undetermined weighting coefficient for adjusting the impact of the hydraulic 

factor on flow velocity.  

 

Figure 3.19 Transportation of surface runoff particles in the flow path network. 

 Maidment et al. (1996) set a constant value of 0.5 to 𝛽, but it is believed 

that the value of 𝛽 should change with watershed topography. This study uses a 

target function to determine the value of 𝛽 by controlling the impacts of two factors. 

where 𝑐𝑜𝑟 (𝑋, 𝑌) means the correlation coefficient between variable 𝑋 and 𝑌. 

 𝑣 = 𝑣𝑚 ∙
𝑅𝛽𝑆0.5

[𝑅𝛽𝑆0.5]𝑚
 (3.13) 

 𝛽 = {𝛽 |arg min
0≤𝛽≤1

|𝑐𝑜𝑟(𝑉, 𝑅) − 𝑐𝑜𝑟(𝑉, 𝑆)|} (3.14) 
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(2) calculation of flow time 

A field map of flow time to the watershed outlet can be made to describe the 

hydrologic responses to rainfall events. The flow velocity on each flow path 

segment is extracted and calculated from the field distribution of flow velocity on 

the grid structure. In the process of runoff routing, as demonstrated by Figure 3.19 

(a) and Equation (3.15), the flow time to its outlet is accumulated by the flow length 

and velocity on its flow path. 

where 𝑙 means the length for each flow path segment along the flow path to the 

outlet, and 𝑣 means the constant flow velocity on each flow path segment.  

(3) accumulation of runoff particles 

The runoff particles keep on moving along the flow path network. For any selected 

cross section, the number of passing particles during a time step represents the 

discharge rate. Taking the cross section at the watershed outlet as an example, the 

accumulation of runoff particles is calculated by Equation (3.16). 

where 𝑉(𝑡) is flow accumulation in time, 𝑞(𝑡) is instantaneous discharge at time 𝑡.  

 Based on the map of flow time distribution, as demonstrated by Figure 3.19 

(b) and (c), the whole watershed can be expressed with Equation (3.17). 

where 𝐴(𝑡) is the area with a flow time of 𝑡, and 𝑇 means the longest flow time.  

 𝑡 =∑
𝑙
𝑣

 (3.15) 

 𝑉(𝑡) = ∫ 𝑞(𝑡) 𝑑𝑡
𝑡

0
 (3.16) 

 𝐴 = ∫ 𝐴(𝑡) 𝑑𝑡
𝑇

0
 (3.17) 
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(4) temporal and spatial distribution of runoff 

The temporal and spatial distribution of surface runoff are represented by 

movements of runoff particles. As shown in Figure 3.19 (d), the discharge rate at 

the watershed outlet is calculated by Equation (3.18) and (3.19). 

where 𝐴(𝑖) is the accumulation area with a flow time of 𝑖 , and 𝑄(𝑡 − 𝑖) is the 

corresponding flow production at time 𝑡 − 𝑖 . Besides, 𝑒  is an undetermined 

coefficient to represent the runoff loss during the process of the flow routing, and 

𝜆 is another parameter to represent the initial water depth. It is assumed that the loss 

coefficient 𝑒 is associated with the frequency distribution of flow time. That is, 

longer flow time means more potential evapotranspiration and greater value of 𝑒.  

3.2.7 Evaporation and transpiration (ET) 

Evaporation and transpiration occur throughout the watershed processes, including 

flow generation and runoff transportation (Beven, 2012). Climate factors such as 

air temperature and humidity control the potential evapotranspiration, while the 

actual potential evapotranspiration still relies on hydrologic and geographic factors. 

During the process of flow generation, the particle-set hydrological model uses the 

SCS-CN method for the estimation of water exchanges between conceptual 

elements (Soulis & Valiantzas, 2012). According to the water balance in Equation 

(2.1), the actual evaporation and transpiration during the flow production process 

can be estimated by the following Equation (3.20) (Arnold et al., 1993; 1998). 

 𝑞(𝑡) = ∫ 𝐴(𝑖) ∙ 𝑄(𝑡 − 𝑖) 𝑑𝑖
𝑡

0
 (3.18) 

 𝑞(𝑡) = 𝑞(𝑡) ∙ (1 − 𝑒) + 𝜆 (3.19) 

 𝐸 = 𝑃 − 𝑄 − 𝛥𝑆 (3.20) 
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where 𝐸 represents the actual evapotranspiration in the watershed, 𝑃 denotes the 

actual rainfall volume, 𝑄  is the surface flow production, and 𝛥𝑆  measures the 

changes in watershed water storage. 

 During the runoff transportation process, the loss in evapotranspiration is 

estimated by a simple ratio of flow accumulation. According to the calculation of 

outlet discharges in Equation (3.18) and (3.19), the loss during the runoff routing 

process is expressed by the following Equation (3.21). 

where 𝑒 denotes the loss coefficient of runoff accumulation, and 𝑞(𝑡) represents 

the outlet discharge at time 𝑡. 

 In summary, this chapter proposes a simpler and more realistic distributed 

watershed model based on the underlying flow path network and the independent 

runoff particles. The conceptual framework is carried out in two parts, an overall 

introduction and a more detailed description of model structure. In brief, the 

particle-set hydrological model is performed in two phases, terrain analysis and 

hydrologic modeling. More specifically, it is implemented by seven integrated 

modules, namely, hydrologic TIN creation, source point sampling, flow path 

tracking, flow production estimation, runoff generation prediction, surface runoff 

concentration and evapotranspiration throughout the watershed processes. The 

following chapter, therefore, will provide the implementation details of the particle-

set simulating system. 

  

 𝐸 = 𝑒 ∙ 𝑞(𝑡) (3.21) 
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Chapter 4 Integrated System Implementation 

This chapter aims to clarify the implementation details of particle-set hydrological 

modeling system. This chapter carries on the elaboration from four aspects, model 

input and output files, integrated processing and modeling tools, particle-based 

parallel computing implementation, and model parameters.  

4.1 Data Requirements and Input/Output Files 
Watershed modeling relies on the supports of field data. Preprocessing steps are 

required to convert the watershed data into model inputs.  

4.1.1 Data requirements for watershed modeling 

According to the above conceptual framework, the phase of terrain analysis is based 

mainly on gridded DEM, while the phase of hydrological modeling requires the 

supports of rainfall, air temperature, plant cover, soil characteristics and channel 

system. Figure 4.1 lists the watershed data involved in the particle-set model, and 

are classified as topographical, meteorological, hydrological and geographical data.  

 As demonstrated by Figure 4.1, the elevation model is the major source of 

(1) topographical data for hydrological modeling (Beven, 2012). In the T-phase, a 

gridded DEM is used to extract terrain features, create hydrologic TIN, and generate 

flow paths. In the H-phase, topological data are also used for dividing sub-basins 

and estimating flow production. Besides, watershed modeling also requires (2) the 

meteorological data, such as rainfall intensity, air temperature, and wind power, (3) 

the hydrological data, such as channel network, water depth, and runoff discharge, 

and (4) the geographical data, including land cover and soil types. 

4.1.2 Input and output files in particle-set system 

The particle-set simulation platform implemented in this study consists mainly of 

two parts, flow path network and particle system. The former corresponds to the 

outcome of T-phase, while the latter represents the runoff dynamics in the H-phase. 
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(1) flow path network 

The flow path network is created originally from the gridded DEM. As generated 

by photogrammetry or geodetic surveying approaches, DEM data are stored as grid 

structure (Z. Li et al., 2004). The ArcGIS platform (http://www.arcgis.com) 

developed by the Environmental Systems Research Institute (ESRI, Inc.) is used to 

process the raster DEM data in this study. 

 With the tools in ArcGIS platform, the CPE algorithm is performed to create 

a drainage-constrained TIN structure from the filled DEM (Q. Zhou & Chen, 2011). 

Programming tools are developed to optimize the CPE-based TIN and generate the 

vector-based flow paths (F. Zhang et al., 2017). Therefore, the TIN structure stored 

in ArcGIS is further converted into geometric objects, triangles, edges and vertices. 

 Table 4.1 lists the relevant attribute tables for TIN optimization and path 

delineation. The table of triangle records unique ID number, slope grade and aspect 

angle of each triangular facet. In fact, as mentioned by Equations from (3.2) to (3.7), 

slope and aspect are calculated by the coordinates of three vertices. The table of 

edge records unique ID number of triangle edge, type, and indexes of its two 

adjacent triangles. The edge type refers to the label of embedded main stream lines, 

and the related triangle indexes are used for searching adjacent triangles. The table 

of node records unique ID number and three-dimensional coordinates of vertices.  

 Besides, an additional table recording the index of each edge and its two 

adjacent vertices is involved for topology reconstruction. In addition, for tracking 

vector-based flow paths, another table of starting points is prepared for recording 

the unique ID, the target triangular facet, and the three-dimensional vertices. A 

programming tool is developed to deal with the depression and flat areas in the 

CPE-based TIN, and the same table structures are used to record the outcomes. 

Based on the table of starting points and four hydrologic TIN tables, a vector-based 

path tracking tool is implemented with Java programming language. The following 

subsections will provide the implementation details of TIN-based optimization 

algorithm. 
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Figure 4.1 Data requirements for watershed modeling in particle-set system. 
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Table 4.1 Table structure of TIN and sources for vector-based path tracking. 

File Object Type (value) Description 

1 triangle  table of triangles 

 Triangle ID Long Integer unique ID 

 Slope Double (0-90°) facet slope 

 Aspect Double (0-360°) flow direction 

2 edge  table of edges 

 Edge ID Long Integer unique ID 

 Edge Type Long Integer (0/1) if or not embedded 

 Left Triangle Index Long Integer ID of left triangle 

 Right Triangle Index Long Integer ID of right triangle 

3 node  table of nodes 

 Node ID Long Integer unique ID 

 X Double (m) UTM projection 

 Y Double (m) UTM projection 

 Z Double (m) UTM projection 

4 node-edge  table of relation 

 Node Index Long Integer ID of triangle vertex 

 Edge Index Long Integer ID of triangle edge 

5 starting point  table of sources 

 Point ID Long Integer unique ID 

 Within Triangle Index Long Integer ID of underlying triangle 

 X Double (m) UTM projection 

 Y Double (m) UTM projection 

 Z Double (m) UTM projection 

 Table 4.2 lists the table structures of flow path network. The table of node 

records the unique ID number and three-dimensional coordinates of each path node, 

while the table of line records the unique ID number of path segment, the indexes 

of two adjacent nodes, and the corresponding flow velocity. 
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Table 4.2 Topological structure of flow path network for runoff routing. 

File Object Type (unit) Description 

1 path node  table of path nodes 

 Path Node ID Long Integer unique ID 

 X Double (m) UTM projection 

 Y Double (m) UTM projection 

 Z Double (m) UTM projection 

2 path line  table of path lines 

 Path Line ID Long Integer unique ID 

 From Path Node Index Long Integer ID of starting node 

 To Path Node Index Long Integer ID of ending node 

 Path Flow Velocity Double (m/s) flow velocity on segment 

(2) particle system 

Based on the MPICH framework, the main particle-set hydrological simulation 

system is developed with C/C++ programming language (Forum, 2015; F. Zhang, 

Zhou, Li, Wu, & Liu, 2016). The input data in the particle-set system consists of 

two parts, the overlaying rainfall distribution (rainfall.in) and underlying flow paths 

(node.in, line.in).  

 As shown by Figure 4.2 (a), the input rainfall data (factually the SWAT flow 

generation) are recorded in a matrix, where the rows refer to the starting points 

(distribution in space) and the columns refer to the time steps (distribution in time). 

Besides, Figure 4.2 (b) illustrates the input path nodes and lines for reconstructing 

flow path network. Based on the upstream-to-downstream graph structure, a path 

node with zero in-degree is labeled as a starting point, a node with zero out-degree 

is labeled as an outlet, and the rest are labeled as passing nodes. 

 The output of the particle-set hydrological model includes the dynamic flow 

maps (flowmap.out) and the outlet unit hydrograph (discharge.out). As shown by 
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Figure 4.2 (c) and (d), the flow maps are represented by a three-dimensional matrix. 

A scale-adaptive grid net is used to divide the underlying watershed into rectangular 

cells. Each flow map frame refers to the instantaneous spatial distribution of surface 

runoff at the corresponding timestamp. At the cross section of watershed outlet, the 

number of passing particles between each time interval is recorded. 

 

Figure 4.2 Input and output files in the particle-set hydrological model. 

 Table 4.3 shows the input rainfall matrix, output flow maps and unit 

hydrographs. The size of the rainfall matrix is decided by number of starting points 

(𝑛𝑆𝑃) and number of time steps (𝑛𝑇𝑆). Each row of the rainfall matrix refers to the 

temporal rainfall volumes at each starting path node. Each column of the rainfall 

matrix represents the spatial distribution of rainfall volumes at each timestamp. 

Besides, the size of output flow maps is decided by number of time steps (𝑛𝑇𝑆) and 

divisions in two directions (𝑛𝑋 and 𝑛𝑌). A column of discharge values (number of 

particles) refers to the unit hydrograph at the specific location. The outlet discharges 

are recorded to generate the unit hydrograph for the whole watershed. 

 Table 4.4 lists the object structure of input rainfall intensity samples and 

output runoff particles. Each rainfall sample corresponds to the temporal rainfall 

intensity at each starting point. Each particle represents a unit of runoff water within 

the watershed. The location of each particle is decided by the underlying path 

segment index and the relative position. 
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Table 4.3 Matrix structure of hydrological data for runoff routing modeling. 

File Object Unit Description 

1 rainfall  matrix of rainfall intensity 

 Rows Integer number of sources (𝑛𝑆𝑃) 

 Columns Integer number of time steps (𝑛𝑇𝑆) 

 Rainfall Intensity Double (mm/hour) rainfall disaggregation (𝑛𝑆𝑃 × 𝑛𝑇𝑆) 

2 runoff (flow map)  matrixes of runoff distribution 

 Time Steps Integer number of time steps (𝑛𝑇𝑆) 

 Rows Integer number of X divisions (𝑛𝑋) 

 Columns Integer number of Y divisions (𝑛𝑌) 

 Runoff Volume Long Integer number of particles (𝑛𝑇𝑆 × 𝑛𝑋 × 𝑛𝑌) 

3 outlet discharge  table of outlet discharge 

 Rows Long Integer number of time steps (𝑛𝑇𝑆) 

 Discharge Rate Double (m3/s) runoff volume passing by (𝑛𝑇𝑆 × 1) 

Table 4.4 Structure of input rainfall samples and output runoff particles. 

Structure Object Unit Description 

1 rainfall sample  structure of rainfall map 

 Path Node ID Integer unique ID of starting path node 

 Rainfall Rate List Double Array list array of rainfall intensity 

 Rainfall Time Step Integer duration of rainfall intensity 

2 runoff particle  structure of runoff map 

 Particle ID Long Integer unique ID of runoff particle 

 X Double (m) UTM projection 

 Y Double (m) UTM projection 

 Z Double (m) UTM projection 

 Status Integer (0 or 1) still moving or reach outlet 

 Path Line ID Integer ID of within path line segment 

 Position Double (0 ~ 1) relative position on path segment  
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4.2 Data Processing and Modeling Tools 
The function modules in the particle-set system are implemented in two ways, third-

party platforms or programming tools. The third-party platform includes the ESRI 

ArcGIS platform and the ArcSWAT graphic user interface (GUI), while the 

programming tools are developed by Java, C/C++, and MATLAB languages.  

 As shown by the workflow in Figure 4.3, the different steps (T1, T2, T3, 

H1, H2 and H3) of the two phases (T-phase and H-phase) are implemented by 

different tools or platforms. The T-phase is mainly supported by the ArcGIS 

platform, with the assistance of Java programming tools. Besides, the flow 

production in H-phase is performed by ArcSWAT platform, and the particle-set 

simulation is implemented by C/C++ programming language. The MATLAB 

scripts are used to generate data matrixes for transformation between third-party 

platforms and programming system. 

 

Figure 4.3 The workflow and tools for integrated system implementation. 

4.2.1 Terrain analysis tools (ArcGIS) 

The model builder of ArcGIS platform is used to construct terrain analysis tools in 

the T-phase. Figure 4.4 shows the process of DEM filling, CPE-based TIN creation, 

TIN-based depression and flat elimination, and the process of vector-based flow 

HRUs/CNs

DEM

terrain point

land use

soil climate

terrain slope

land cover

sourcesgrid net

sub-basins

soil type

flow paths

rainfall

surface flow

runoff particles

flow dynamics

A

J

S

A

J

stream lineA

S

S

S

A CPE TIN

enhanced TIN

S

A XArcGIS Tools (Module Builder)

J path network

SWAT for ArcGIS (ArcSWAT) Programming Tools (Java, C/C++, MATLAB)

S

M

C

M

unit hydrograph

A

accuracy

time cost

flow map



 

102 

path tracking. For assistance with topographical data processing, the PDEM tool 

developed in Processing platform is involved to deal with the flat and sink cells in 

original gridded DEM (F. Pan et al., 2012). Programming tools including TIN 

optimization, path delineation and topology construction are developed by Java. 

 

Figure 4.4 The terrain analysis tools implemented with ArcGIS model builder. 

4.2.2 Flow generation tool (ArcSWAT) 

The ArcGIS-compatible SWAT GUI (ArcSWAT) is involved to estimate surface 

flow production in this study (Winchell et al., 2013). Figure 4.5 shows the data flow 

of flow production estimation with ArcSWAT. Climate inputs including daily 

rainfall volumes and highest/lowest air temperature are converted into array tables. 

Topographical and geographical inputs including DEM, derived terrain slope, land 

use and land cover (LULC) map, and soil map are resampled into grid structures 

with the same cell size. Based on the tools provided by ArcSWAT, these watershed 

data are converted into inputs of the SWAT model. 
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 The disaggregation tool is developed by MATLAB scripts to convert the 

SWAT outcomes as spatio-temporal distribution of surface flow generation. As 

discussed above, the CN values determined by specific HRU topographic and 

geographic factors are used to create field distribution of infiltration capacities. 

 

Figure 4.5 The ArcSWAT workflow for estimating SWAT flow production. 

4.2.3 Runoff routing platform (particle-set system) 

The main part of the particle-set system, namely the runoff routing platform, is 

developed and deployed by C/C++ programming language. Figure 4.6 shows the 

workflow of the particle-set system, consisting of a time-stream flow generating 

process (H2) and an iterative runoff routing process (H3). 

 The process of flow generating refers to creating runoff particles according 

to the spatial and temporal distribution of surface flow. In practical, a number of 
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practical, the generated runoff particles are allocated into one or more central 

processing units (CPUs). The location of each runoff particle is iteratively updated 

based on the flow velocity of each path segment. As a result, the runoff dynamics 

are represented by the spatial and temporal distribution of runoff particles within 

the watershed. The total computational time cost of updating all the moving 

particles is recorded to assess the performance in efficiency. 

 

Figure 4.6 The programming tools for particle-based runoff simulation. 

 Table 4.5 and Table 4.6 illustrate the pseudo codes for runoff ROUTING 

process, containing an iterative particle MOVING sub-process. Based on these 

pseudo codes, as shown in Figure 4.7, a prototype is developed to demonstrate the 

process of runoff routing. The prototype implements a simplified flow path network 
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at three cross sections (upstream passing node, midstream junction and downstream 
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Table 4.5 The algorithm of particle moving between flow path segments. 

Algorithm 1 The MOVING algorithm pseudo codes 

input current particle position (from 0 to 1), time duration for moving (60 minutes) 
1: load flow path network 
2:  
3: load current position 
4:         {duration, PID} = time step, current particle ID 
5:         {position, PLID} = current particle position, current flow path line ID 
6:  
7: repeat 
8:         move across the current path segment 
9:                 {flow time} = length/velocity 
10:                 if {flow time} * (1-position) >= {duration} then 
11:                         {position, PLID} = {position + duration/flow time, PLID} 
12:                         {duration, PID} = {0, PID} 
13:                 else if {flow time} * (1-position) < {duration} then 
14:                         {position, PLID} = {0, PLID_to} 
15:                         {duration, PID} = {duration - flow time * (1-position), PID} 
16:                 end if 
17: until duration = 0 

output distribution of particles, computational time cost 

 

Figure 4.7 A prototype for runoff generating and routing with MATLAB. 
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Table 4.6 The algorithm of flow routing along flow path network. 

Algorithm 2 The ROUTING algorithm pseudo codes 

input flow path network, rainfall intensity matrix 

18: create flow path network from file 
19:         reading table of path nodes 
20:                 repeat 
21:                         {PNID, X, Y, Z} = {path nodes} 
22:                 until no path node exists 
23:  
24:         reading table of path lines  
25:                 repeat 
26:                         {PLID, PNID_from, PNID_to, V} = {path lines} 
27:                 until no path line exists 
28:  
29:         relating path nodes and lines 
30:                 for all path line do 
31:                         if L1->PNID_to == L2->PNID_from then 
32:                                 L1->PLID_to = L1->PLID 
33:                 end for 
34:          
35: load rainfall (surface flow generation) data from file 
36:         for all starting nodes of flow paths do 
37:                 for all time steps during the event do 
38:                         {PNID, Rate, Time} = {rainfall intensity} 
39:                 end for 
40:         end for 
41:  
42: repeat 
43:         generate new runoff particles 
44:                 for all starting nodes of flow paths do 
45:                         Step = {time step} 
46:                         for all time steps during the event do 
47:                                 Number = Rate*Density 
48:                                 Index = 0 
49:                                 for all Index < Number do 
50:                                         Duration = Step*(1-Index/Number) 
51:                                         {PID++, Position} = MOVING (0, Duration) 
52:                                         Index = Index + 1 
53:                                 end for 
54:                         end for 
55:                 end for 
56:  
57:         update existing runoff particles 
58:                 for all runoff particles do 
59:                         Step = {time step} 
60:                         {PID, Position} = MOVING (Position, Step) 
61:                 end for 
62: until ending time step of the event 

output distribution of particles, computational time cost 
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4.3 High-performance Computing Implementation 
Different from the data-parallel HRU-based scheme in existing distributed models 

shown in Figure 2.9, the particle-set framework provides a task-parallel particle-

based scheme for the simulation of flow routing. The particle-based parallel scheme 

is expected to be more efficient than those existing HRU-based schemes. This 

section aims to clarify the computer environment for parallel computing. 

4.3.1 Distributed cluster environment 

High-performance computing always requires a computer cluster, which in fact is 

a set of connected computer processing units.  

 As illustrated in Figure 4.8, a cluster of twelve computing cores on three 

computers are connected to work together. Parallel computing is a type of high-

performance computing techniques in which many calculations are carried out 

simultaneously. 

 

Figure 4.8 An example of distributed computer cluster environment. 
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 In parallel computing, as shown by Figure 4.8, a common data center 

(shared memory) is shared by these CPUs to communicate with each other and work 

together. Besides, as another different high-performance computing technique, 

distributed computing sets a private memory for each CPU (distributed memory), 

and exchanges information between CPUS by message passing (Forum, 2015). In 

fact, a distributed parallel computing platform is implemented for high-

performance hydrological modeling in this study. 

4.3.2 Message Passing Interface (MPI) 

This study uses the message passing interface (MPI) standard (http://www.mpi-

forum.org) and the MPICH framework (https://www.mpich.org/) for runoff routing 

in parallel. The MPI standard is one of the most commonly used message-passing 

protocols for cross-process communication, and the MPICH framework is a high-

performance portable implementation of the MPI standard (Forum, 2015). 

 

Figure 4.9 Massage passing interface standards for process communication. 
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 Figure 4.9 illustrates the workflow of the MPICH framework for parallel 

computing based on MPI standard. The process of parallel computing includes five 

steps. During initialization, a set of functions are called to get the number of 

processing units (the size) in the cluster, assign a unique name to each processor 

(the rank), and initialize these connected computer cores for parallel computing 

(Forum, 2015). In the second step, the entire computational workload is divided 

into multiple parts, which are sent to different CPUs. Next, the distributed computer 

processors concurrently execute the sub-tasks. In the fourth step, the distributed 

outcomes are collected to a root processor (or process) by message passing protocol. 

Finally, the parallel computational task ends until the workload is completed. 

4.3.3 Particle-based parallel computing 

According to the workflow of particle platform in Figure 4.6, the computational 

workload of particle-based runoff routing consists of following parts, (1) creating 

runoff particles by importing distributed flow production, (2) updating the position 

of each runoff particle along the flow paths, and (3) exporting the instantaneous 

flow map of runoff particle distribution. Among these computational tasks, the 

vector-based particle moving costs most of the computational time. Therefore, this 

study implements a parallel computing component for runoff routing based on 

independent particles. 

 As illustrated by the workflow in Figure 4.10, the particle-based parallel 

component is developed based on the MPICH framework. After initialization, the 

root process generates a number of runoff particles, and assigns them to the 

corresponding starting points of flow paths.  

 By allocating to a set of CPUs, the movements of runoff particles are 

monitored by these concurrent processors. For every time step, the number of runoff 

particles passing by the watershed outlet is recorded to generate the unit hydrograph 

of watershed. Besides, the computational time costs are also counted for efficiency 

assessment. 
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Figure 4.10 The particle-based parallel strategy for surface runoff routing. 
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Table 4.7 The parameters of particle-set model for flow routing simulation. 

Symbol Description Units Range Source 

 hydraulic    

𝑅 upstream accumulation area m2/m2 0 ~ 1 DEM derivation 

𝑆 path segment slope m/m 0 ~ 0.58 TIN derivation 

𝛽 weighting coefficient - 0 ~ 1 data calibration 

𝑣𝑚 average watershed velocity m/s 0.02 ~ 0.10 data calibration 

𝑙 path segment length m 0 ~ 2000 TIN derivation 

𝑣 path segment velocity m/s 0 ~ 0.30 DEM derivation 

𝑡 flow time to outlet hours 0 ~ 60 time accumulation 

 hydrologic    

𝑃 precipitation mm/hour 0 ~ 40 gauge measurements 

𝐸 evapotranspiration mm/day 0 ~ 4 SWAT output 

∆𝑆 soil storage mm/day 0 ~ 80 SWAT output 

𝑄 runoff generation mm/day 0 ~ 40 SWAT output 

𝐶𝑁 curve number - 30 ~ 100 SWAT output 

𝑠𝑠 simulated runoff particle mm/hour 0 ~ 20 disaggregation 

𝑒 runoff loss coefficient - 0 ~ 1 data calibration 

𝜆 initial discharge rate m3/s 0 ~ 10 data calibration 

𝑞𝑜 observed discharge rate m3/s 0 ~ 10 gauge records 

𝑞𝑠 simulated discharge particle m3/s 0 ~ 30 model output 

 As a summary, this chapter gives a detailed description of implementation 

procedure of the particle-set hydrological modeling system. It is carried out in three 

parts, required data, implemented methods and parallel computing supports. As a 

porotype of the experimental system, a set of specified input/output data files are 

designed to load watershed data and represent simulation results. On that basis, the 

ArcGIS platform, ArcSWAT interface and programming methods are integrated to 

achieve the goals of watershed modeling. Besides, the MPICH framework is 

involved to support high-performance simulation of runoff concentration with the 

assistance of parallel computing techniques. 
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Chapter 5 Study Area and Data Preprocessing  

This chapter aims to introduce the study area, data collection and preprocessing 

procedures for the experimental details of model validation and evaluation. 

5.1 Study Area and Data Collection 
The watersheds tested in this study are located in Central Asia and North America. 

As shown by Table 5.1, two watersheds with different catchment areas are studied, 

the large-size Kaidu River basin in northwest China (42.5° N, 84.9° E), and a mid-

size Peacheater Creek basin in the tributary of Illinois river between the States of 

Arkansas and Oklahoma of United States (35.9° N, 95.6° W).  

 Table 5.1 lists test watersheds and their sub-catchments in the study areas. 

In this study, the Tianshan mountainous area is used to validate the accuracy 

performance in terrain representation, and the Peacheater Creek watershed is used 

to validate the accuracy performance in watershed hydrological response prediction. 

Table 5.1 Experimental watersheds for testing particle-set system. 

Location River Watershed 
(sub-basin) 

Catchment 
area (km2) Outlet (m) For testing 

North America Illinois Illinois River Basin 2,300 Arkansas River - 

  Baron Fork Basin 795 Eldon (218) - 

  (Peacheater Creek) 69.80 Christie (248) E1, E2, E3 

Central Asia Kaidu Kaidu River Basin 18,662 Dashankou (1330) - 

  (Shenglidaoban) 1.31 (3332) - 

  (Shuidianzhan) 4.69 (2988) E3 

  (Kuchedaban) 18.46 (2789) - 

  (Luotuobozi) 2.60 (2453) - 

 Tianshan South Mountain 
(Mountainous Area) 1,000 lowest (1461) E1 
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5.1.1 Kaidu River in Central Asia 

As shown by Figure 5.1, the Kaidu River is located in the southern slope of 

Tianshan mountains, Xinjiang Uyghur Autonomous Region of China (42°14′ N-

43°21′ N, 82°58′ E-86°05′ E), is used to be known as its ancient name Liusha 

(meaning the flowing sands) River. 

 

Figure 5.1 Location of Tianshan Mount and Kaidu River in northwest China. 

 Figure 5.3 shows more details of the Kaidu River basin. It has a catchment 

area of about 19,000 km2, and the elevation ranges from 1,000 to 5,000 meters. The 

Kaidu River watershed has a complex topography, including central Bayanbulak 

grasslands and surrounding mountainous alpine areas (Dou, Chen, Bao, & Li, 2010; 

Y. Huang, Chen, LI, Bao, & MA, 2012). 

 To validate the hydrologic TIN and flow paths, as shown in Figure 5.1, a 

more mountainous study area with an extent of more than 1,000 km2 is selected. 

Next to the Kaidu River watershed, this area is located at the southern foothill of 

Tianshan mountains (42.1° N - 42.4° N, 83.3° E - 84.1° E). As mainly controlled 

by topography, this drainage area is believed to be appropriate for terrain analysis.
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Figure 5.2 Locations of Kaidu river and Illinois river on a global scale. 



 

115 

 In addition, to explore the influence of spatial scale and drainage density on 

hydrological modeling, as arranged in Figure 5.3, the large-size Kaidu River basin 

(more than 1,000 km2) and four small-size sub-basins (1ess than 100 km2) are 

preliminarily studied. Two permanent gauge stations set up in Bayanbulak and 

Dashankou can collect daily meteorological and hydrological data at the midstream 

region and outlet of the Kaidu River basin. Besides, four temporary field stations 

set up in Shenglidaoban, Shuidianzhan, Kuchedaban and Luotuobozi will record 

hourly or sub-hourly rainfall and discharge data. To explore the influence of terrain 

analysis on hydrology, in fact, this study conducts simple experiments based on the 

small catchment at Shuidianzhan (with a catchment area of 4.69 km2).  

 

Figure 5.3 The study watershed and sub-basins in Kaidu River watershed. 

5.1.2 Peacheater Creek in North America 

The Peacheater Creek watershed, as shown by Figure 5.4, is located at the border 

areas of the four states of Oklahoma, Arkansas, Missouri and Kansas. As a sub-

basin of the Baron Fork watershed (with a basin area of 795 km2), the study 

watershed has a catchment area of 69.80 km2. The elevation of the test watershed 

ranges from 248 to 420 meters, and a flow meter is set at the basin outlet (at Christie) 

(35°57'17" N, 94°41'46" W) to measure the hourly discharge rate.  
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 Besides, Figure 5.4 (a) and (b) show the rain gauges near to the study 

watershed, the field data from the two gauges at the Rose Tower station and the 

Fayetteville station are used. The Voronoi map is generated to estimate the 

contributions of these two gauge stations (92.54% and 7.46%). In addition, the 

outlet discharge rates recorded by flow meter at Christie are collected for data 

calibration and performance assessment. 

 

Figure 5.4 Study watershed of Peacheater Creek at northeast Oklahoma State. 

5.1.3 Watershed Data Collection 

According to the system implementation discussed in Figure 4.1 and Section 4.1, a 

series of watershed data are collected for above study areas and catchments. These 

data are roughly recognized into two groups, (1) topographic and geographical data 

and (2) meteorological and hydrological data.  
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(1) topographic and geographical data 

The Global Digital Elevation Model (GDEM) data, acquired by the advanced 

spaceborne thermal emission and reflection radiometer (ASTER), is used for terrain 

analysis and watershed modeling in this study. The ASTER GDEM data set 

(Version 2) is collected from the International Scientific & Technical Data Mirror 

Site provided by Computer Network Information Center of Chinese Academy of 

Sciences (http://www.gscloud.cn). Figure 5.5 shows the DEM tiles covering the 

Tianshan mountains in Central Asia. Each tile has a latitude and longitude range of 

1°×1°, and a spatial resolution of 30 meters. The same source of topographic data 

is also used for the experimental watershed at Peacheater Creek in North America. 

 

Figure 5.5 The DEM data of Tianshan mountains based on ASTER data. 

 Besides, geographical data including LULC and soil type maps are collected 

from multiple sources. As shown in Figure 5.6, for the large-size Kaidu River basin, 

the land cover product and normalized difference vegetation index (NDVI) are 

obtained. These data are derived from the Moderate Resolution Imaging 

Spectroradiometer (MODIS) instrument (http://glcf.umd.edu/data/lc). Since the 

geographical data plays a key role in hydrological modeling, the relevant data of 

Peacheater Creek watershed are obtained from the second phase of distributed 
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model intercomparison project (DMIP-2) launched by NOAA National Weather 

Service (http://www.nws.noaa.gov/oh/hrl/dmip).  

 

Figure 5.6 Land cover map of Kaidu River basin based on MODIS products. 

 As listed in Table 5.2, the 30-meters gridded DEM covering the study area 

is acquired from the online source of ASTER data. The LULC map is collected 

from the database of United States Geographical Survey (USGS), while the soil 

type map obtained from the State Soil Geographic Databases (STATSGO, 

SSURGO) in Natural Resources Conservation Service (NRCS). These data are used 

for further terrain analysis and hydrological modeling, and data preprocessing 
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details will be described in following sections. As demonstrated in Table 5.2, the 

elevation in Peacheater Creek watershed, ranging from 248 to 420 meters, has a 

mean elevation of 326.92 meters. The whole watershed is divided into four regions 

with different slope degrees. A total of 40.12% of the watershed area is flatter than 

2.5°, 12.92% of is steeper than 10°, while the rest is divided into two parts, 23.24% 

is between 2.5° and 5°, and 23.72% is between 5° and 10°. 

Table 5.2 The summary of watershed data for the Peacheater Creek watershed. 

Type Data Description Ranges 

topographic 

DEM 30-m resolution grid number of cells (77557) 
mean elevation (326.92 m) 

slope 30-m resolution grid 

0°~2.5° (40.12%) 
2.5°~ 5° (23.24%) 
5°~10° (23.72%) 
10°~up (12.92%) 

hydrologic TN CPE method 
number of nodes (5767, 7.44%) 
number of edges (17259) 
number of triangles (11493) 

geographic 

USGS land cover  50-m resolution grid 
evergreen forest (58.44%) 
deciduous forest (40.72%) 
mixed forest (0.84%) 

USGS soil texture 250-m resolution grid 
Stmuid OK180 (30.16%) 
Stmuid OK181 (64.90%) 
Stmuid OK182 (4.94%) 

SWAT curve number HRU-based polygons 

CN = 55 (56.27%) 
CN = 60 (0.97%) 
CN = 66 (36.85%) 
CN = 70 (3.70%) 
CN = 77 (2.21%) 

hydrologic 

gauge precipitation hourly/Voronoi Rose Tower station (92.54%) 
Fayetteville station (7.46%) 

gauge discharge hourly/station point 
1992.05 ~ 1999.06 
1994.11 (calibration) 
five events (validation) 

runoff generation  daily/watershed SWAT output 

source point 200-m resolution grid spatial sampling 

flow path network TIN-based flow path 
number of paths (1724) 
mean flow length (10.07 km) 
longest flow length (19.95 km) 
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(2) meteorological and hydrological data 

The meteorological data such as precipitation and ground surface temperature are 

usually collected in two ways, field instruments or remote sensors (Beven, 2012). 

As shown in Figure 5.7, there are two permanently meteorological gauge stations 

and four temporarily observatory stations in Kaidu River basin. As demonstrated 

by Figure 5.8, the field instruments in Shuidianzhan catchment can record 

meteorological and hydrological observations in real time.  

 

Figure 5.7 Field and remote sensing instruments for watershed data collection. 

 Besides, the remotely sensed data can provide a field distribution of rainfall 

intensity, as well as surface temperature and air humidity (Sidike, Chen, Liu, 

Durdiev, & Huang, 2016). As illustrated by the grid net in Figure 5.7, the Global 

Rainfall Map in Near-Real-Time (GSMaP_NRT) developed by the Japan 

Aerospace Exploration Agency (JAXA) has a spatial resolution of 0.1°×0.1°, and a 

and temporal resolution of one hour (http://sharaku.eorc.jaxa.jp/GSMaP). The 

GSMaP_NRT data is available in near real time, 4 hours after observation by the 

JAXA global rainfall watch system. The retrieval algorithm of rainfall rate is based 

on the Global Precipitation Measurement (GPM) mission and Tropical Rainfall 
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Measuring Mission (TRMM). In fact, the rainfall data are acquired by radar stations, 

while the discharge data are collected by field gauges in the Peacheater Creek 

watershed (Ivanov, Vivoni, Bras, & Entekhabi, 2004a). 

 Taking the Shuidianzhan catchment in Kaidu River basin as an example, as 

shown in Figure 5.8, the field instruments including rain gauge and flow meter are 

respectively used for measuring rainfall intensity and recording discharge rate. Near 

the outlet of Shuidianzhan catchment, a rain gauge is attached on a pole to collect 

rainfall water. The rainfall intensity is measured by the volume of rainfall water 

within a duration of time (e.g., one hour).  

 

Figure 5.8 Field instruments for rainfall and discharge rate observation. 

 Besides, at the watershed outlet, a flow meter stands in the open channel, 

and measures the changing water depth. The instantaneous discharge rate is 

calculated based on the water depth and geometric dimensions of the rectangular 

slot. More specifically, as demonstrated by the right diagram in Figure 5.8, the 

outlet discharge rate is estimated by the following Equation (5.1) and (5.2).  

 𝑄 = {𝐴 ∙ 𝐵 ∙ 𝐶 ∙ 𝑏, obvious flow, 𝑏 = 1.25 m
𝐴 ∙ 𝐶 ∙ 𝑏, not obvious surface flow  (5.1) 
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where 𝑄 is the observed outlet discharge rate (m3/s), 𝑏 denotes the horizontal width 

of rectangular slot (1.25 m for Shuidianzhan outlet), 𝐴, 𝐵 and 𝐶 are undetermined 

factors that can be estimated from geometric dimensions and field observations. ℎ 

represents the observed water depth from the specific water surface to the pole 

bottom, 𝑑 represents the depth from the pole bottom to channel bottom (0.33 m for 

Shuidianzhan outlet), and 𝑔 is the standard surface gravity on the Earth (0.98 m/s2). 

Table 5.3 Selection of rainfall events in Peacheater for model evaluation. 

Event Start date 
(yyyy/mm/dd) 

Rainfall 
(mm) 

Runoff 
(mm, %) 

Discharge 
(mm, %) 

Peak 
(m3/s) 

Initial  
(m3/s) 

1 1994/11/03 279.40 210.12 (75.20) 19.38 (9.22) 8.69 0.02 

2 1995/04/16 142.24 96.18 (67.62) 14.22 (14.78) 4.36 1.02 

3 1996/05/10 76.20 44.64 (58.58) 9.10 (20.38) 2.39 0.33 

4 1996/11/04 127.00 76.82 (60.49) 18.36 (23.90) 7.33 0.60 

5 1996/11/16 68.58 52.86 (77.08) 17.42 (32.95) 4.17 0.93 

6 1996/11/23 114.30 70.55 (61.72) 35.01 (49.62) 9.94 1.26 

7 1997/06/15 160.02 107.12 (66.94) 16.05 (14.99) 6.44 0.27 

8 1998/10/04 121.92 76.18 (62.48) 7.14 (9.37) 4.22 0.01 

9 1999/02/06 134.62 81.48 (60.53) 14.48 (17.77) 4.02 0.77 

10 1999/05/04 63.50 44.78 (70.52) 22.28 (49.74) 11.91 0.93 

 For the Peacheater Creek watershed in Oklahoma state, as discussed in 

Table 5.2, the meteorological and hydrological data are collected from the DMIP-

2 project. Ten years of hourly rainfall and discharge data from January 1st, 1990 to 

June 16th, 1999 are obtained for event selection (http://vivoni.asu.edu/tribs.html). 

 

{
 
 

 
 𝐴 = 0.405 + 0.0027ℎ, ℎ = water depth

𝐵 = 1 + 0.55 (
ℎ

ℎ + 𝑑
)
2

, 𝑑 = 0.33 m

𝐶 = √2 ∙ 𝑔 ∙ ℎ3, 𝑔 = 0.98 m/s2

 (5.2) 
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As listed in Table 5.3, 10 rainfall events between the year of 1994 and 1999 are 

selected according to the availability of field discharge data. These events are cut 

into a common duration of 6 days (144 hours), with an intensity ranging from 63.50 

to 279.40 mm. The total discharge at the watershed outlet ranges from 7.14 to 35.01 

mm, with a proportion ranging from 9.22% to 49.74%. The highest peak discharge 

rate ranges from 2.39 to 11.91 m3/s, and the lowest discharge is between 0.01 and 

1.26 m3/s. Besides, the runoff production estimated by SWAT model, which will 

be clarified in following parts, ranges from 44.64 to 210.12 mm, and the proportions 

to total rainfall volumes are between 58.58% and 77.08%. 

5.2 Experimental Plan of Model Evaluation 
This study conducts a set of experiments to evaluate the particle-based hydrological 

model with several test watersheds. Figure 5.9 demonstrates the experimental plan 

for model evaluation, including the mountainous area in Tianshan mountains for 

validating the terrain accuracy, and the gauged Peacheater Creek watershed in 

central part of the United States for evaluating the prediction accuracy and 

simulation efficiency.  

 

Figure 5.9 The experimental plan for evaluation of particle-set model. 
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 The particle-set hydrological model is validated from three different aspects, 

(E1) validating accuracy performance in terrain analysis and watershed response 

prediction, (E2) evaluating efficiency performance in rainfall-runoff simulation 

with parallel computing techniques, and (E3) analyzing sensitivities of model 

parameters. 

 The TIN-based T-phase and the SWAT-based flow production process play 

fundamental roles in watershed hydrologic modeling in this study. As a subsequent 

study following with the previous studies on terrain representation (Y. Chen & 

Zhou, 2013; Q. Zhou & Chen, 2011), geomorphologic delineation (Y. Chen et al., 

2012; Q. Zhou et al., 2011), and flow accumulation (Y. Chen et al., 2014; Pilesjö et 

al., 1998), the particle-set hydrological model mainly contributes to the following 

three aspects, (1) a triangulation-based approach for enhancing the hydrologic TIN 

structure, (2) a simple disaggregation method for estimating spatio-temporal 

surface flow production, and, (3) most importantly, a high-performance runoff 

simulation framework for monitoring surface flow dynamics in both time and space.  

5.2.1 Assessment of terrain accuracy (T-phase) 

According to the process of terrain representation in Figure 4.4, comparisons are 

made on elevation error distribution between those terrain models, gridded DEM 

and TIN structures. The root-mean-square error of elevation (𝑅𝑀𝑆𝐸𝑧), changes in 

mean slope of terrain units (Δ𝑆̅) and surface roughness (Δ𝐾𝑟), as calculated by 

Equation (5.3), (5.4) and (5.5) respectively, are believed to be good indicators of 

accuracy in terrain representation (Y. Chen et al., 2012; Q. Zhou & Chen, 2011). 

The less the difference between the referenced and derived terrain models, the better 

accuracy will be. The unit of 𝑅𝑀𝑆𝐸𝑧 is the meter, the unit of Δ𝑆̅ may be degree or 

radian, and the Δ𝐾𝑟 is dimensionless. 

 𝑅𝑀𝑆𝐸𝑧 = √
∑ (𝑍𝑖′ − 𝑍𝑖)2𝑛
𝑖=1

𝑛
 (5.3) 
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where 𝑛 denotes the number of surface units (grid cells or triangular facets) on 

terrain model (gridded DEM or TIN), 𝑍𝑖 and 𝑍𝑖′ respectively represent the elevation 

at the center of each surface unit on original and derived terrain models, 𝐴𝑖 is the 

area of the 𝑖-th terrain unit, and 𝑆𝑖 is the corresponding terrain slope. 

 Besides, two statistic indicators including streamline matching rate (𝑆𝑀𝑅) 

and streamline matching error (𝑆𝑀𝐸) are used to validate the derived drainage 

patterns (Y. Chen et al., 2012; Q. Zhou & Chen, 2011). The delineated flow paths 

are compared to referenced streamlines by overlapping analysis (Chang, 2015). In 

this study, as illustrated by the stream network in Figure 5.8, the main streamline 

retrieved from gridded DEM is regarded as the reference data. Buffer zones are 

generated around the referenced lines with a buffer distance of spatial scale. The 

generated buffer zones are overlaid with the newly derived flow paths. As 

illustrated by Equation (5.6) and (5.7), the 𝑆𝑀𝑅  indicates the retention in 

hydrologic features of the derived terrain model, while 𝑆𝑀𝐸 measures the average 

consistency between the drainage patterns. The larger the value of 𝑆𝑀𝑅, the better 

retention capacity the derived terrain model has. The less the value of 𝑆𝑀𝐸, the 

better consistency the derived flow paths are. The 𝑆𝑀𝑅  is a dimensionless 

proportion, while the unit of 𝑆𝑀𝐸 is the meter. 

 Δ𝑆̅ = |𝑆̅ ′ − 𝑆̅|, 𝑆̅ =
∑𝑤 ∙ 𝑆
∑𝑤

=
∑ 𝐴𝑖 ∙ 𝑆𝑖𝑛
𝑖=1
∑ 𝐴𝑖𝑛
𝑖=1

 (5.4) 

 Δ𝐾𝑟 = |𝐾𝑟′ − 𝐾𝑟|, 𝐾𝑟 =
∑𝐴′

∑𝐴
=
∑ 𝐴𝑖 ∙ sec 𝑆𝑖𝑛
𝑖=1
∑ 𝐴𝑖𝑛
𝑖=1

 (5.5) 

 𝑆𝑀𝑅 =
Δ𝐿𝐷
𝐿𝑅
× 100% (5.6) 

 𝑆𝑀𝐸 =
Δ𝐴
𝐿𝑅
=
𝐿𝐷 ≬ 𝐿𝑅
𝐿𝑅

 (5.7) 
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where Δ𝐿𝐷 represents the total length of derived flow path segments that fall into 

buffer zones of referenced streamlines, 𝐿𝑅 denotes the total length of referenced 

streamlines, Δ𝐴 represents the total area between the derived flow paths (𝐿𝐷) and 

referenced streamlines (𝐿𝑅). 

 In addition, the efficiency performance of terrain representation is evaluated 

by the number of point and line features in terrain models (Q. Zhou & Chen, 2011). 

Zhou and Chen (2011) confirmed that the CPE-based TIN structure can achieve 

good performance in both accuracy and efficiency. According to the TIN-based 

optimization algorithm, some minor modifications are made to remove the 

depression and flat areas, and there is no significant increase in terrain features. 

5.2.2 Assessment of prediction accuracy (H-phase) 

According to the implementation of hydrological modeling in Figure 4.5 and Figure 

4.6, the ArcSWAT interface is used to estimate the corresponding surface flow 

production with SWAT model. The SWAT outcomes are then decomposed into 

distributed hourly runoffs. As represented by runoff particles starting from the 

source nodes of flow paths, field dynamics of surface runoff transportation are 

simulated in a parallel computing environment. 

 To validate and evaluate the model performance in accuracy and efficiency, 

therefore, this study conducts a series of simulation tests of rainfall-runoff dynamics 

in the Peacheater Creek basin. According to the availability of field data and 

hydrologic events, hourly flow production and outlet discharge rates are collected 

for the 10 events in Table 5.3. 

 A series of simulation experiments of runoff routing are undertaken for 

predicting field distributions of surface runoff over time. For the performance in 

simulation accuracy, the predicted outlet discharges are compared with the field 

observed water yielding rates. Comparisons are made between the simulated 

outcomes and the observed data. Statistical indicators, including the time delay in 

peak discharge (𝑡𝑑), Nash and Sutcliffe efficiency (𝑁𝑆𝐸), correlation coefficient 

(𝑅), and balance coefficient (𝐵), are calculated to quantify the difference between 
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the simulated and observed discharges. The 𝑡𝑑  means the duration between the 

simulated and the observed peak discharges, as calculated by the following 

Equation (5.8). 

where 𝑡𝑠
𝑝𝑒𝑎𝑘 is the simulated peak time, and 𝑡𝑜

𝑝𝑒𝑎𝑘 is the observed peak time. That 

is, positive value means delayed flow, and negative values are earlier flow.  

 Besides, the 𝑁𝑆𝐸, 𝑅, and 𝐵 are respectively defined and calculated based 

on the hourly outlet simulated and observed discharges, as calculated by the 

following Equation (5.9), (5.10) and (5.11). 

where 𝑞𝑜̅̅ ̅ means the averaged value of the observed outlet discharges, and 𝑞�̅� means 

the averaged value of the simulated discharges.  

 The value of 𝑁𝑆𝐸 ranges from negative infinity (−∞) to 1. It describes the 

model accuracy by comparing the residual variance (the numerator) and the 

observation variance (the denominator). Negative 𝑁𝑆𝐸  values indicate that the 

mean value of the observed data would have been a better predictor than the 

simulated results. That is, the closer the model efficiency 𝑁𝑆𝐸 is to 1, the more 

accurate the performance is (Krause, Boyle, & Bäse, 2005). The 𝑅 has a value 

ranging from 0 to 1, and measures the ratio between the covariance and the 

 𝑡𝑑 = 𝑡𝑠
𝑝𝑒𝑎𝑘 − 𝑡𝑜

𝑝𝑒𝑎𝑘 (5.8) 

 𝑁𝑆𝐸 = 1 −
∑ (𝑞𝑠(𝑡) − 𝑞𝑜(𝑡))2𝑇
0

∑ (𝑞𝑜(𝑡) − 𝑞𝑜̅̅ ̅)2𝑇
0

 (5.9) 

 𝑅 =
∑ (𝑞𝑜(𝑡) − 𝑞𝑜̅̅ ̅)(𝑞𝑠(𝑡) − 𝑞�̅�)𝑇
0

√∑ (𝑞𝑜(𝑡) − 𝑞𝑜̅̅ ̅)2𝑇
0 ∑ (𝑞𝑠(𝑡) − 𝑞�̅�)2𝑇

0
 (5.10) 

 𝐵 =
∑ 𝑞𝑜(𝑡)𝑇
0

∑ 𝑞𝑠𝑇
0 (𝑡)

 (5.11) 
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multiplied standard deviations of the observed and simulated data. It describes how 

much of the dispersion of the field data is explained by the simulation results. That 

is, the closer the 𝑅 is to 1, the better goodness of fit between the simulated and the 

observed data is. The 𝐵 is expressed as the ratio between the sum of the hourly 

discharges of observed and simulated data. It describes the potential bias of the 

simulating model. The value of 𝐵 ranges from 0 to positive infinity (+∞), and the 

closer it is to 1, the better performance the model is. 

5.2.3 Efficiency of runoff simulation (H-phase) 

For the performance in simulation efficiency, the computational time costs are 

recorded and compared between different computational workloads and computing 

architectures with different numbers of processors. This study conducts a series of 

parallel computing tests to evaluate the speed-up potential of the proposed particle-

set model. It is expected that the computational cost is related to the number of 

moving particles and the number of parallel processors. The particle density is set 

to 10, 20 and 30 per each millimeter of water, and the number of computing 

processors is set to 1, 2, 4, 8, 16, 32, 64 and 128. 

 Amdahl (1967) proposed the indicator of speedup in latency (𝑆𝑙𝑎𝑡𝑒𝑛𝑐𝑦) to 

represent the speedup ratio for parallel computing processes, as expressed by the 

following Equation (5.12). 

where 𝐿1means the latency of the computer architecture with 1 processor, and 𝐿𝑛 is 

the latency of the computer architecture with 𝑛 processors.  

 According to Amdahl's law (1967), the parallel portion (𝑝) is defined as the 

proportion of execution time occupied by the parallelized parts. The theoretical 

speedup ratio (𝑠(𝑛)) can then be estimated by Equation (5.13). 

 𝑆𝑙𝑎𝑡𝑒𝑛𝑐𝑦𝑛 =
𝐿1

𝐿𝑛
=
𝑇1𝑊𝑛

𝑇𝑛𝑊1 =
𝑇1

𝑇𝑛
 (5.12) 
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where 𝑠 represents the most ideal theoretical speedup ratio, equaling to the number 

of computing processors (𝑛). 

 That is, the speedup ratio ranges from 0 to positive infinity (+∞) if the 

whole computing task is parallelizable (𝑝 = 100%). For example, if 95% of the 

computing task ( 𝑝 = 95% ) is parallelizable, it ranges from 0 to 20. The 

experimental parallel portion (�̂�) is estimated by comparison with the theoretical 

speedup ratio, as calculated by Equation (5.14). 

where �̂�  represents the parallel portion of the computing task for the selected 

rainfall events. The value of �̂� ranges from 0 to 1, the closer the value is to 1, the 

better the parallel efficiency performance is. 

 Besides, the parallel efficiency (𝐸 ) is defined as the ratio between the 

speedup ratio 𝑠(𝑛) and the number of parallel processors (𝑛). The ideal parallel 

efficiency remains 1 because 𝑠(𝑛) equals 𝑛 if the parallel portion 𝑝 is 100%. The 

experimental parallel efficiency is estimated by the following linear fitting method. 

where 𝑠(𝑛) is the experimental speedup ratio, and 𝑛 is the number of the processors. 

 Ideally, the slope 𝑘  equals 0 and the parallel efficiency remains 1. The 

intercept is fixed to 1 − 𝑘, then the value of �̂� can be used to measure the difference 

 𝑠(𝑛) =
1

(1 − 𝑝) + 𝑝𝑠

𝑙𝑖𝑛𝑒𝑎𝑟
⇒    

1

(1 − 𝑝) + 𝑝𝑛
< lim
𝑛→∞

1
1 − 𝑝

 (5.13) 

 �̂� = 𝑎𝑟𝑔 𝑚𝑖𝑛
𝑛

∑(
1

(1 − 𝑝) + 𝑝
𝑠(𝑛)

−
1

(1 − 𝑝) + 𝑝𝑛
)

2

 (5.14) 

 �̂� = 𝑘 ∙
𝑠(𝑛)
𝑛
+ 1 − 𝑘 (5.15) 
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between the experimental efficiency (𝑦 = 𝑘𝑥 + 1 − 𝑘) and the most ideal parallel 

efficiency (𝑦 = 1), as expressed by Equation (5.16). 

where �̂� measures the decrease of 𝐸 with increase in 𝑛. The value of �̂� ranges from 

negative infinity (−∞) to 0, the closer the value is to 0, the better the efficiency 

performance is. 

5.2.4 Influences of spatial scale and sampling density 

The particle-set model uses the TIN-based flow paths to represent the underlying 

terrain surface, hence, the underlying spatial scale and sampling density of starting 

points may cause significant influences on watershed responses. According to the 

mechanisms of particle-set framework, these influences can be reflected by the 

differences in flow length and time. 

 This study compares both the field and frequency distribution of flow length 

and time over different spatial scales of terrain models with different densities of 

starting points. The nearest-neighbor interpolation method is used to generate the 

field distribution maps, while the kernel density estimation (KDE) method is 

applied to estimate the frequency distribution curves. The differences between these 

field maps and frequency curves can to some degree reflect the influences of spatial 

scale and sampling density on hydrological responses. 

5.3 Data Preprocessing Procedures 
To validate and evaluate above contributions, as shown in Table 5.4, the assessment 

should explore the influences of T-phase and H-phase processes on performance in 

both accuracy and efficiency. The original gridded DEM and grid-based drainage 

patterns are regarded as benchmarks for the T-phase, while the field hydrologic 

observations are used for the H-phase. 

 �̂� = {𝑘 | 𝑎𝑟𝑔 𝑚𝑖𝑛
𝑛

∑(
𝑠(𝑛)
𝑛
− �̂�)

2

} (5.16) 
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 Taking the Peacheater Creek as an example, the preprocessing procedures 

of test watershed data are described as following, (1) topographical, (2) 

geographical, (3) meteorological and (4) hydrological data preprocessing. 

Table 5.4 Testing plans and evaluation indicators for performance assessment. 

Input Output Evaluation Indicator 

DEM PDEM accuracy 
flow direction 

RMSE of elevation 
SMR and SME 

PDEM CPE TIN accuracy 
efficiency 

RMSE of elevation 
points amount 

CPE TIN hydrologic TIN depression and flat area 
accuracy 

flow path and length 
RMSE of elevation 

grid net random points impact of density accuracy, workload 

points, TIN flow paths flow length 
flow velocity/time 

frequency distribution 
field distribution 

HRUs, rainfall flow production water balance field validation 

flow production space & time 
disaggregation 

accuracy in space 
accuracy over time 

field distribution 
frequency distribution 

flow generation runoff particles impact of density accuracy, workload 

runoff particles dynamic 
flow maps 

accuracy in space 
accuracy over time 

field distribution 
outlet unit hydrograph 

event duration computational 
time cost 

efficiency with workloads 
efficiency with CPUs 

parallel efficiency 
speedup ratio 

 

5.3.1 Creation of flow path networks (topographical) 

The flow paths in Peacheater Creek basin are generated over the hydrologic TIN, 

which is created form the gridded DEM. Figure 5.10 shows the original DEM and 

the DEM-based stream lines. 

 Figure 5.10 (b) demonstrates the full drainage pattern by reserving all the 

grid cells (77, 557 cells). As suggested by Ivanov et al. (2004a), the stream lines 

with an upstream area of 600 grid cells (about 0.54 km2) are extracted as the main 
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stream lines (the bold blue lines). Besides, by cutting the full stream lines at the 

random point samples, as shown in Figure 5.10 (c), the grid-based stream line 

samples (1, 724 random starting points, 2.22% of total cells in original gridded 

DEM) are extracted as the reference data. The retrieved random sources are also 

used for path tracking over TIN surface. 

 For vector-based flow paths, as shown by Figure 5.11 (a), a hydrologic TIN 

structure is created and optimized from gridded DEM. Figure 5.11 (b) demonstrates 

the full drainage paths over TIN by regarding all the cell centers as starting points. 

Besides, as shown by Figure 5.11 (c), the flow paths starting from random point 

samples (1, 724 random sources) are generated to support hydrological modeling. 

These TIN-based flow paths are applied for watershed modeling as following. 

5.3.2 Flow production capacity (geographical) 

As listed in Table 5.1, the watershed data of Peacheater basin are used to estimate 

surface flow production with SWAT model.  

 First, the entire basin is divided into 61 sub-basins with a threshold value of 

0.54 km2. As a result, as shown in Figure 5.12 (a), the area of these sub-basins 

ranges from 0.63 km2 to 5.08 km2, with an average area of 1.1 km2. Second, as 

shown in Figure 5.12 (b), the terrain slope is reclassified into 4 grades (0°-2.5°, 

2.5°-5°, 5°-10° and 10° up). Third, as shown in Figure 5.12 (c), the land cover and 

use is reclassified into 3 groups according to the USGS LULC database (evergreen, 

deciduous and mixed forest). Fourth, as shown in Figure 5.12 (d), the soil texture 

is reclassified into 3 types according to the USDA NRCS STATSGO dataset. 

 By overlapping the field maps of sub-basin, slope grade, land cover and soil 

type, as shown in Figure 5.12 (e), the watershed is further divided into 469 HRUs. 

As retrieved from the table of curve number, the CN values of these HRUs range 

from 55 to 77. The lower CN values indicate less potential flow production, while 

higher values mean increasing flow production. As discussed above, the SCS-CN 

method implemented in the ArcSWAT interface is thus used to estimate daily water 

balance in the Peacheater Creek basin. 
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Figure 5.10 Delineation of drainage system of Peacheater Creek watershed. 
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Figure 5.11 Vector-based flow paths of Peacheater Creek watershed. 
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Figure 5.12 The topographic and geographical data for ArcSWAT execution. 
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5.3.3 Daily water balance (meteorological) 

Based on the hourly rainfall and outlet discharge data, as shown by Figure 5.13 (a), 

the rainfall process in Peacheater Creek basin during November 1994 is used to 

demonstrate the SWAT outcomes. The rainfall intensity ranges from 0 to 40 

millimeters per hour (mm/hour), while the outlet discharge rate ranges from 0.02 to 

8.69 cubic meters per second (m3/s). The maximum rainfall intensity occurs at the 

81st hour (1994-11-03 09:00 AM), while the maximum outlet runoff discharge rate 

comes after 26 hours at the 107th hour (1994-11-04 11:00 AM).  

 

Figure 5.13 Rainfall and outlet discharge data in Peacheater Creek basin. 

 According to the accumulation curves in Figure 5.13 (b), there is a great 

shortfall (the shaded area) in water volume between rainfall inputs (the blue solid 

lines) and discharge outputs (the pink solid lines). The difference consists of canopy 

interception, soil infiltration and groundwater increase, evapotranspiration, and 
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streamflow. As shown in Figure 5.13 (b), the accumulation of flow production (the 

red dash lines) from rainfall inputs is estimated by SWAT model. As a result, the 

shaded area is divided into two parts. The lighter shaded area represents the 

watershed storage, while the darker shaded area denotes the inside streamflow, 

outside yielding water, and evaporation loss during runoff routing. 

 Figure 5.14 illustrates the SWAT daily water balance in Peacheater Creek 

basin during November 1994. The daily rainfall input has been transformed into 

surface flow, water vapor and watershed storage. The increase in watershed storage 

results from canopy interception and absorption, soil infiltration and groundwater, 

while the decrease means evapotranspiration or seepage. As discussed above, not 

all the rainfall input can become surface flow, and the runoff to drainage system is 

actually a part of rainfall. In this study, the output flow productions (the pink bars) 

were further decomposed in space and time.  The experimental short-term rainfall 

events were selected according to temporal distribution of surface flow production. 

As demonstrated in Figure 5.14, a duration of 6 days (the blue dash rectangle) 

covering a lasting rainfall is extracted from the continuous observations. 

 

Figure 5.14 Daily water balance in November at Peacheater Creek basin. 
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Figure 5.15 Disaggregation of surface flow production with curve numbers. 
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5.3.4 Spatial and temporal disaggregation of flow (hydrological) 

The daily SWAT flow production was decomposed into distributed hourly runoffs 

and assigned to the source points of the flow paths. According to the CN values 

retrieved by the distributed topographic and geographic characteristics, a field map 

of runoff ratio was generated to describe the capacity of flow production within the 

watershed. As illustrated by Figure 5.15 (a), the greater value the CN, the stronger 

the runoff ratio is, and the more flow production from rainfall will be.  

 As demonstrated in Figure 5.15 (b), the total rainfall volume during the 36th 

hour (from 1994-11-04 12:00 AM to 1994-11-04 13:00 PM) in the 1st rainfall event 

(from 1994-11-03 00:00 AM to 1994-11-08 23:00 PM) is 10.02 millimeters, and 

the corresponding hourly flow production from SWAT output is 8.24 mm (82.24% 

of total). Based on the field distribution of runoff ratio in Figure 5.15 (a), a field 

map of initial surface runoff is generated in Figure 5.15 (b). That is, the flow 

production is unevenly distributed within the watershed. The initial surface runoff 

at each starting point of flow path is represented by the blue points in Figure 5.15 

(b). These generated runoffs will then start to move along the upstream-to-

downstream flow paths under the control of flow velocity. 

 

 In summary, this chapter introduces the common watershed data and data 

preprocessing procedures for the experiments of model validation. Two typical test 

areas, the mountainous area and the gauged watershed, are respectively explored to 

validate the performance in terrain analysis and hydrological simulation. Besides, 

according to the conceptual framework of particle-set system, three experiments are 

undertaken to validate accuracy performance, validate efficiency performance and 

analyze parameter sensitivity. In addition, some common preprocessing procedures 

are introduced. More specifically, these procedures are classified into four groups, 

topographical, geographical, meteorological and hydrological data processing. For 

illustrative purposes, the data preprocessing details are introduced based on data of 

the Peacheater Creek watershed. 
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Chapter 6 Accuracy Validation  

This chapter aims to introduce the experiment to validate the accuracy performance 

of particle-set model, including representation accuracy in terrain analysis, and 

prediction accuracy in hydrological modeling. The former is conducted based on a 

mountainous area where the terrain factor plays a fundamental role in terrain 

analysis, while the latter is conducted based on a gauged catchment where the 

prediction of watershed responses can be validated with field data. 

6.1 Experiment of Terrain Accuracy (T-phase) 
According to the experimental plan in Figure 5.9, this study conducts a series of 

tests to validate and evaluate the particle-set hydrological model. The evaluation of 

performance in accuracy and efficiency is conducted based on the model outcomes, 

including filled DEM, CPE-based TIN, enhanced hydrologic TIN, vector-based 

flow path network and particle-based runoff dynamics. 

 The underlying watershed surface is represented by the original gridded 

DEM, pit-filled DEM, CPE-based TIN, enhanced TIN (free of depression and flat 

areas) and TIN-based flow path network. Accordingly, the loss in elevation 

representation increases as the retention capacity of geomorphologic features 

decreases. In return, the watershed representation becomes more and more efficient 

in data storage, or more and more realistic in hydrologically responding. The three-

dimensional (or layered two-dimensional) watershed is eventually represented by 

the one-dimensional upstream-to-downstream flow path network. Therefore, an 

experiment is conducted to verify the reliable representation of watershed based on 

the mountainous area in Tianshan Mountains. 

6.1.1 Comparisons of elevation error between terrain models 

As discussed above, the Tianshan experiment is conducted to validate and evaluate 

the optimization algorithm of TIN structure. Figure 6.1 shows the original gridded 

DEM and optimized hydrologic TIN of the Tianshan test area. 
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 In the generation process of CPE-based TIN structure, the threshold of z-

tolerance algorithm was set to 20 meters. The stream lines that start from the cells 

with an upslope accumulation area of more than 10,000 grid cells were retrieved as 

the constraining features (SL-10000), as shown by blue lines in Figure 6.1 (a), and 

the threshold value of 100 grid cells (SL-100) was set to extract the supplemental 

valley points.  

 The retrieved stream lines were further generalized by a threshold value of 

30 meters with the Douglas-Peucker algorithm (Douglas & Peucker, 1973). In the 

optimization process of TIN structure, three kinds of special cases that may cause 

inconsistencies were respectively identified and rectified. Figure 6.1 (b) illustrates 

the optimized hydrologic TIN. Regarding the original DEM as a benchmark, as 

shown by the comparisons in Table 6.1 and Figure 6.2, the pit-filled DEM 

processed by ArcGIS has a RMSE in elevation of 5.76 meters, while the RMSE in 

elevation on PDEM is 11.31 meters. Figure 6.2 (a) and (b) show that the PDEM has 

changed more than ArcGIS-DEM, but the changes in elevation are acceptable. 

Table 6.1 Comparisons of data storage between DEMs and TINs. 

Terrain model Cells/Facets Edges Points/Nodes RMSE (m) 

Original DEM 1,112,325 (100%) - 1,112,325 (100%) - 

ArcGIS-DEM 1,112,325 (100%) - 1,112,325 (100%) 5.76 

PDEM 1,112,325 (100%) - 1,112,325 (100%) 11.31 

CPE-TIN 239,634 (21.54%) 360.464 120,831 (10.86%) 25.10 

Optimized TIN 227,826 (20.48%) 341.836 114,614 (10.30%) 25.19 

 Besides, in comparison with the original DEM, as shown by Figure 6.2 and 

Table 6.1, the CPE-TIN consists of 239,634 triangles, 360,464 edges and 120,831 

nodes, and achieves a RMSE in elevation of 25.10 meters with only 10.86% of the 

total terrain points in original DEM. According to the comparisons of elevation 

between the CPE-TIN and optimized TIN, as shown in Figure 6.2 (c), the optimized 

TIN has a RMSE in elevation of 25.19 meters with 10.30% terrain points. 
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Figure 6.1 Creation and optimization of hydrologic TIN from gridded DEM. 
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Figure 6.2 Comparisons of elevation distribution between DEM and TIN. 
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6.1.2 Comparisons of feature retention between terrain models 

The differences between the CPE-TIN and optimized TIN are those depression and 

flat areas that may cause inconsistency in flow routing. Starting from the points that 

have a common upstream area of 100 cells, as demonstrated in Figure 6.3, vector-

based flow paths (FP-100) are delineated respectively over the CPE-TIN and 

optimized TIN. Without the disturbance of depression and flat areas, the proposed 

TIN optimization algorithm can produce more consistent outcomes for flow routing.  

 Besides, by regarding the D8 streamlines on DEM as reference drainage 

patterns, comparisons were made between the DEM-based stream lines and TIN-

based flow paths. As shown in Figure 6.4, the starting points of DEM-based stream 

lines (SL-10, SL-100 and SL-1000) with different upstream area thresholds are used 

for tracking vector-based flow paths (FP-10, FP-100 and FP-1000). 

 Table 6.2 lists the comparisons of geometry consistencies between these 

drainage patterns, the SMRs of the TIN-based flow paths were calculated with a 

stream buffer distance of 30 meters. The comparisons of drainage patterns with 

various stream densities indicate that the optimized TIN structure has been able to 

produce relatively consistent results of flow routing. There is an increase in the 

value of SMR (from 87.71 to 92.49%), but that is mostly because the main flow 

paths are constraining lines and they are identical to the DEM-based stream lines. 

Table 6.2 Comparisons of drainage patterns between DEM and TIN. 

Flow paths TIN-based length (km) DEM-based length (km) SMR (%) 

FP-10 2,354.32 2,428.86 87.71 

FP-100 793.72 817.24 89.30 

FP-1000 266.83 271.94 92.49 
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Figure 6.3 Correction of vector-based flow paths on hydrologic TIN. 
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Figure 6.4 Comparisons of feature retention between DEM and TIN. 
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6.2 Experiment of Prediction Accuracy (H-phase) 
Experiments are conducted to validate the simulation performance in accuracy and 

efficiency of particle-set model. As a case study, the experimental results of 

Peacheater Creek are described and discussed as following. 

6.2.1 Comparisons of terrain accuracy  

According to the comparisons in Figure 6.5 and Table 6.3, the original DEM 

consists of 77,504 grid cells, while the hydrologic TIN achieves a RMSE in 

elevation of 2.94 meters with only 5,767 (7.44% of total) terrain points. Figure 6.5 

(a), (b) and (c) respectively show the good agreements in elevation distribution, 

terrain aspect and terrain slope between DEM and TIN. 

 

Figure 6.5 Comparisons of terrain representation between DEM and TIN. 

 Besides, by regarding the DEM-based stream lines as the benchmark, the 

retention of hydrologic features in TIN structure is evaluated. As shown by Figure 

6.5 (d) and Table 6.3, the TIN-based flow paths are a little shorter than those on the 
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gridded DEM. The outcomes of flow lengths make sense, because the DEM-based 

stream lines are more constrained by the grid structure than those on TIN. 

Table 6.3 Comparisons of terrain representation between DEMs and TINs. 

Model Points/nodes 
(proportion) 

𝑹𝑴𝑺𝑬𝒛 
(m) 

Slope 
(�̅�, °) 

Surface 
roughness (𝑲𝒓) 

Mean flow 
length (km) 

DEM 77,504 (benchmark) 4.7394 1.003 10.93 

TIN 5,767 (7.44%) 2.94 4.9682 1.004 10.25 

6.2.2 Prediction accuracy of runoff routing 

The flow velocity on each segment of flow paths, as discussed above, is determined 

by the specific hydrologic and topographic factors. Based on the modified Manning 

formula in Equation (3.13), the upstream area 𝑅 is regarded as the hydrologic factor 

to describe the pressure coming from water volume, while the terrain slope 𝑆 is thus 

regarded as the topographic factor to represent the water surface slope. The value 

of weighting coefficient 𝛽 is determined by the target function in Equation (3.14). 

Besides, the average watershed flow velocity 𝑣𝑚 remains undetermined for further 

calibration. 

 As demonstrated in Figure 6.6 (a), in the Peacheater Creek basin, the 

impacts of upstream area 𝑅 and terrain slope 𝑆 on flow velocity are both positive 

when the value of 𝛽  ranges from 0.08 to 0.41, and reach equilibrium at 0.23. 

Besides, by setting the value of 𝛽  to 0.23 in Figure 6.6 (b), the frequency 

distribution of flow velocity is affected by the average flow velocity 𝑣𝑚 . The 

greater the 𝑣𝑚, the larger the dispersion of frequency distribution is. 

 Taking the value of 0.06 meters per second as an example, as shown in 

Figure 6.7 (a) and (b), field maps of flow velocity and flow time to outlet are 

respectively generated.  

According to the field map of flow velocity in Figure 6.7 (a), the flow 

velocity in upstream flatter region is slower than that in downstream steeper region. 
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That can largely be explained by the topographic factor of terrain slope. Besides, in 

the magnified area (the black solid circle), the grid cells crossing by the stream lines 

have faster velocity (red color) than those on the hillslope (blue color). That can 

largely be explained by the hydrologic factor of upstream area. In addition, Figure 

6.7 (c) shows the field and frequency distributions of total flow time to the 

watershed outlet. As affected by the difference in flow length between DEM and 

TIN, the flow time over TIN surface is still shorter than that over DEM.  

 

Figure 6.6 Determination of field distribution of flow velocity. 
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Figure 6.7 Field distribution of flow velocity and accumulated flow time. 

 The runoff routing experiments were performed on the particle-set 

modeling system for the 10 selected rainfall events. Figure 6.8 compares the unit 

hydrographs of simulated (black dash line) and observed (red solid line) outlet 

discharges. According to the legend graph in the bottom right corner, the blue bars 

represent hourly rainfall intensities, and pink bars overlapping on the blue ones 

represent the corresponding surface flow production. The rainfall bars are on the 

right vertical axis, while the discharge rate is on the left vertical axis. Table 6.4 lists 

the comparison details of predicted and observed outlet discharge rates. By 

controlling the time delay in peak discharge rate, the average watershed flow 

velocity 𝑣𝑚 ranges from 0.0340 to 0.0900 m/s. 
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Figure 6.8 Comparisons of discharges between prediction and observation. 
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 The differences in flow velocity may be partly explained by the difference 

in rainfall intensity, further study is still required to investigate the mechanisms. 

The loss coefficient 𝑒  ranges from 0.3553 to 0.9452, with an average value of 

0.8225. That is, about 20% of the surface runoff generated at the source points will 

arrive the watershed outlet. The proposed model has provided relatively reliable 

predictions for the rainfall events with different levels of rainfall intensity.  

Table 6.4 Simulation accuracy of outlet discharges in Peacheater Creek basin. 

Event Velocity 
𝒗𝒎 (m/s) 

Loss 
𝒆 

Observed 
peak (h) 

Simulated 
peak (h) 

Delay 
(h) 𝑵𝑺𝑬 𝑹 𝑩 

1 0.0340 0.8627 69 70 +1 0.3100 0.8322 0.6757 

2 0.0900 0.9416 108 108 0 0.2211 0.5703 1.0695 

3 0.0900 0.9393 35 34 -1 -2.0578 0.3244 1.7991 

4 0.0900 0.8705 85 85 0 0.0219 0.5431 1.2878 

5 0.0900 0.9069 35 36 +1 -1.3034 0.3677 1.5003 

6 0.0675 0.6955 50 48 -2 0.7309 0.9168 1.1487 

7 0.0340 0.8087 73 81 +8 0.3255 0.7644 0.7346 

8 0.0500 0.8996 49 49 0 -0.3580 0.6289 0.9527 

9 0.0900 0.9452 32 31 -1 -0.7732 0.5622 1.4143 

10 0.0500 0.3553 26 26 0 -0.6486 0.7316 0.7089 

 The observed and simulated hydrographs are recognized as a specific 

example of a time series. The simulated outcomes are proven to be consistent with 

the field observed data. As listed in Table 4, the value of 𝑁𝑆𝐸 is between -2.06 and 

0.73, the 𝑅 ranges from 0.32 to 0.92, and the 𝐵 ranges from 0.68 to 1.80. Eight of 

the 10 rainfall events have a value of 𝑅 greater than 0.5, which is irrespective of 

comparative sizes but depends on the similarity in the shape of the hydrographs 

(McCuen & Snyder, 1975). Besides, from the point view of peak discharge in field 

observed data, the curves of the unit hydrographs in Figure 10 have shared a rapidly 

increasing stage before and a longer tail afterwards. That is, the flow peak comes 

quickly but disappears slowly. However, this situation does not occur in the field 

data. The most likely reason is the unchanged flow velocity in the watershed. In 

reality, when flows come, they may move faster because the water becomes deeper, 

but when flows go, they may slow down due to the decrease in water depth. 
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6.3 Results Analysis and Discussion 
The particle-set framework builds a bridge between the hydrological responses and 

those watershed factors, such as the topographical, geographical, geological and 

meteorological conditions. The flow path network is that bridge, which represents 

the topographical and geographical conditions with a one-dimensional node-edge 

graph structure, and supports meteorological and hydrological conditions with 

hydraulic principles. Therefore, there are two major factors that may affects the 

accuracy performance of the particle-set model. The representation of underlying 

watershed plays a fundamental role, while the simulation of moving surface runoff 

plays another quantitative role. 

 The experimental results of terrain analysis indicate that the TIN-based flow 

path network has provided a simple, effective, efficient and reliable representation 

for the underlying watershed surface. On the one side, the CPE method has been 

proven to maintain terrain accuracy and hydrological features at an acceptable level 

with much less terrain points. On the other hand, the proposed TIN optimization 

algorithm has also been proven to enhance the results of flow path tracking. Besides, 

with the assistance of SWAT model, the experimental results of hydrological 

modeling indicate that the particle-based runoff routing algorithm can provide 

either spatial or temporal distributions of surface runoffs, and has achieved quite a 

comparative prediction accuracy in comparison with the gauged data. 

 In summary, this chapter conducts two sets of experiments to validate the 

accuracy performance of particle-set model. The experiment of terrain analysis is 

based on the mountainous area in Tianshan mountains, while the experiment of 

hydrological modeling is performed with the gauged Peacheater Creek watershed. 

The comparisons of terrain representation between the original DEM, filled DEM, 

hydrologic TIN and flow path network are made to assess the impacts on accuracy 

performance in terrain analysis. The comparisons of outlet discharges between the 

experimental results and the field data are made to evaluate the influences on 

accuracy performance in hydrological modeling. 
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Chapter 7 Efficiency Evaluation 

This chapter aims at introducing the experimental details to evaluate the efficiency 

performance of particle-set hydrological model. It was conducted based on the 

gauged Peacheater Creek catchment. 

7.1 Parallel Simulation Platform 
The parallel simulation platform is implemented based on the MPICH framework, 

and deployed based on the high-performance computing cluster provided by the 

Amazon web service (https://aws.amazon.com/ec2/).  

7.1.1 Platform structure 

As implemented by the C programming language, the parallel simulation platform 

consists of four core modules. As shown in Table 7.1, (1) the "drainage" module to 

re-construct the upstream-downstream flow path networks from input files, (2) the 

"rainfall" module for loading the spatial and temporal runoff production from 

distributed rainfall inputs, (3) the "runoff" module for generating and tracking the 

surface runoff particles along with the drainage system, and (4), the "accumulation" 

module to count and export the dynamic flow maps and time costs. 

Table 7.1 Platform modules of the particle-set hydrological modeling system. 

Module Function 

drainage 

loading input file of path nodes (node.in) 
loading input file of path lines (line.in) 
re-constructing flow path networks from nodes and lines 
checking geometry and topology of flow path networks 

rainfall loading input file of rainfall (flow production) (rainfall.in) 

runoff generating runoff particles from flow production 
tracking runoff particles along flow path networks 

accumulation 

counting number of runoff particles within an independent grid net 
exporting the dynamic runoff maps (flow.out) 
counting the time duration of routing calculation with system clock 
exporting the time costs for parallel computing (time.out) 
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7.1.2 Platform deployment 

Table 7.2 lists the requirements of the deployment of the experimental platform, 

consisting of (1) the high-performance computing (HPC) environment to support 

environment configuration, (2) the cluster with more than one computing units to 

support parallel computing, (3) the operating system to support the execution of 

experimental platform, (4) the C-language complier to support the execution of 

MPICH-based main program, (5) the MPI framework to support communication 

between different processes in the cluster, and (6) the process manager to support 

the management of processors and processes. 

 In this study, the experimental platform is deployed with the support of 

following services and tools. As listed in Table 7.2, the Amazon EC2 service 

(https://aws.amazon.com/ec2/) is involved as the HPC environment for deploying 

the parallel simulation platform. Among the different kinds of instances, the 

m4.16xlarge (https://aws.amazon.com/ec2/instance-types/) with up to 128 virtual 

computing units is selected as the experimental cluster. The Ubuntu Server 14.04 

LTS operating system is installed on the cluster (http://releases.ubuntu.com/14.04/). 

The GCC 4.84 (https://gcc.gnu.org) tool is used as the complier to support the main 

program, which is developed by C programming language with support of the 

MPICH 3.2 (https://www.mpich.org/downloads). The MPICH framework supports 

the communication between different processes or processors, while the compatible 

Hydra 3.2 is used to manage these processes. 

Table 7.2 System requirements for the deployment of experimental platform. 

Requirement To support Instance Source 

HPC environment environment configuration Amazon 
EC2 

https://aws.amazon.com/e
c2/ 

cluster instance parallel computing m4.16xlarge https://aws.amazon.com/e
c2/instance-types/ 

operating system program execution Ubuntu 
Server 14.04 

http://releases.ubuntu.com
/14.04/ 

C-language complier particle-set program  GCC 4.8.4 https://gcc.gnu.org 

MPI implementation process communication mpich-3.2 https://www.mpich.org/do
wnloads/ 

process manager process management hydra-3.2 https://www.mpich.org/do
wnloads/ 
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7.2 Experiment of Simulation Efficiency 
Based on the high-performance computing environment on Amazon web service, 

this study conducts a series of parallel simulation experiments to simulate the 

rainfall-runoff dynamics. 

7.2.1 Experimental plan of parallel computing 

Parallel experiments were conducted to simulate flow routing processes for the 10 

selected rainfall events. The computer architectures were built on the cloud 

platform provided by Amazon web services. Table 7.3 shows the experimental plan 

of parallel computing for evaluating the model efficiency. Based on the Peacheater 

Creek watershed, the experimental programs are deployed, complied and executed 

on a M4 instance with up to 64 virtual central processing units (vCPUs) or 128 

parallel processes. To explore the influence of particle density on computational 

workload, three different densities (10, 20 and 30 particles for each millimeter of 

surface flow production) are tested. 

Table 7.3 Serial and parallel simulation experiments for efficiency evaluation. 

Item Experiments Information 

Rainfall events 1, 2, ..., 10 10 selected events 
Particle density 10, 20, 30 number of particles per mm 

Serial simulation 2n processing unit n = 0 
Parallel simulation 2n processing units n = 1, 2, ..., 7 

 As mentioned in Table 5.3, the 10 selected events are cut to the same 

duration of 6 days (144 hours) to facilitate result comparison and analysis. These 

rainfall events occurred between 1994 and 2000, and the corresponding hourly 

outlet discharges are monitored and recorded. These experiments, in this study, 

focus mainly on the efficiency performance during the simulation of runoff routing. 

Hence, the same setup of model parameters is used for the same rainfall event, but 

changing the number of processors for parallel computing. For each experiment 

(Peacheater watershed, specific rainfall event and certain number of processors), 

the time cost and number of runoff particles are counted for speedup analysis. 
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7.2.2 Examples of runoff routing results 

As discussed above, the surface runoff dynamics are exported as matrixes of 

number of moving particles. As shown in Figure 7.1, these matrixes of particles can 

eventually be plotted with a set of MATLAB programming scripts. Taking the 

rainfall event in November 1994 (event 1) as an example, Figure 7.1 (a) shows the 

flow map at the first hour (1994-11-03 00), where the initial surface runoff in the 

channel networks are ignored. As the rain continues, surface flow occurs and starts 

to move along the flow path networks. Figure 7.1 (b) to (f) respectively show the 

instantaneous flow map at the 60th, 65th, 70th, 75th and 80th hour.  

 

Figure 7.1 Examples of surface runoff maps simulated by particle-set model. 
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 The same flow maps are generated with the same setup of model parameters 

for each selected rainfall event. That is, the computational workload for each event 

remains unchanged. With different number of processing units, the significant 

difference is in the time duration to execute the simulation process. The following 

section will focus the results of time costs during the parallel experiments.  

7.3 Results Analysis and Discussion 
A set of quantitative indicators are used to analyze the parallel portion and 

efficiency in dynamic simulation of rainfall-runoff processes. In this study, up to 

240 simulation experiments (3 particle densities × 10 rainfall events × 8 processor 

numbers) are performed. For each experiment, the total number of runoff particles 

(computational workload), time cost of runoff simulation (computational time cost) 

and number of processors (computational capacity) are counted and recorded. 

7.3.1 Computational time costs and workloads 

For the specific flow path networks, the computational workload is affected by the 

number of runoff particles during the simulation process. For each of the 10 selected 

rainfall events, each millimeter of surface flow is respectively represented by 10, 

20 or 30 runoff particles. 

 

Figure 7.2 Computational time costs in serial and parallel environment. 
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 Without the consideration of parallel computing, Figure 7.2 (a) shows the 

results of serial computational time (𝑇1 , one processor) and total number of 

particles. The scattered dots with three different colors represent the 30 experiments 

of rainfall-runoff simulation (3 particle densities × 10 rainfall events × 1 processing 

unit). Besides, a linear function was used to fit to explore their relationships. The 

comparison of serial computing time costs confirms that the computation workload 

is linearly related to the number of runoff particles. 

 Taking the rainfall event in November 1994 (event 1) as an example, Figure 

7.2 (b) shows the results of parallel computing time (𝑇𝑛) and processor amount 2𝑛 

(n = 0, 1, ..., 7), an inverse function was used to fit the relationship between 𝑇𝑛 and 

the exponent 𝑛. Obviously, the comparison of parallel computing time indicates 

that time costs can be rapidly reduced by increasing the number of processors.  

7.3.2 Parallel portion and parallel efficiency 

Taking the serial computing time 𝑇1 as the benchmark, speedup ratios 𝑠(𝑛) were 

calculated by the ratio between 𝑇𝑛  and 𝑇1 . Figure 7.3 (1) to (10) illustrate the 

speedup ratios (red squares) for each rainfall event with an increasing number of 

processors. The black, green and blue solid lines are the theoretical references, 

representing the speedup ratios for a parallel portion of 100%, 99% and 95%. The 

red dash lines are fitted to estimate the experimental parallel portions. 

 The parallel portion reflects the proportion of computational workload that 

can be computed in parallel. As illustrated in Figure 7.3, the parallel portions are 

close to 99% with a coefficient of determination greater than 0.95. The results 

indicate that the most part of computational workload can be computed in parallel. 

 Besides, the parallel efficiency reflects how close the experimental time cost 

is to the most ideal situation when the number of processors increase. This study 

proposes the decrease rate (�̂�) to quantify the parallel efficiency. According to the 

experimental results in Table 7.4, the experimental efficiencies are quite close to 

the most ideal situation (�̂� ≡ 1 and �̂� = 0).  
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Figure 7.3 Speedup ratio and parallel portion for parallel computing. 
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 The estimations of parallel portion and efficiency in parallel efficiency are 

listed in Table 7.4. According to the performance details in Figure 7.3 (1) to (10), 

the speedup ratio increases almost linearly with the increasing number of processors. 

The experimental parallel portions of all the events are between 98.62% and 

99.07%, with a coefficient of determination greater than 0.95, and the experimental 

parallel efficiencies are close to the most ideal case. 

Table 7.4 Experimental efficiency of particle-based runoff routing in parallel. 

Event 10 particles/mm 
accumulation (×106) 

Parallel 
portion (𝒑, %) 

Coefficient of 
determination (𝑹𝟐) 

Parallel efficiency 
decrease rate (�̂�) 

1 3.50 99.07 0.9714 -0.0048 

2 1.56 98.87 0.9696 -0.0054 

3 0.68 98.62 0.9786 -0.0058 

4 1.25 98.82 0.9723 -0.0055 

5 0.80 98.70 0.9746 -0.0055 

6 1.14 98.87 0.9789 -0.0053 

7 1.74 98.95 0.9531 -0.0054 

8 1.24 98.88 0.9719 -0.0054 

9 1.33 98.91 0.9760 -0.0052 

10 0.63 98.74 0.9609 -0.0054 

 As a summary, this chapter conducts a set of simulation experiments to 

evaluate the efficiency performance of particle-set model. The experimental system 

is deployed on the Amazon web service, while the sample data are collected for the 

gauged Peacheater Creek watershed. A total of 10 rainfall-runoff events, a set of 3 

different particle densities, and up to 128 concurrent processing units are set to the 

simulation platform. The time costs of serial tests indicate that the computational 

burden is almost linear to the increasing number of runoff particles. The speedup 

tests prove that the particle-set model has significantly reduced the computational 

time cost by increasing the number of independent processing units. According to 

the results of quantitative analysis, the particle-based scheme can achieve almost 

ideal parallel portion and parallel efficiency in comparison with theoretical results. 
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Chapter 8 Sensitivity Analysis 

This chapter aims to introduce the experiment of parameter sensitivity of particle-

set hydrological model. The study focuses mainly on the influences of underlying 

spatial scale and sampling density on watershed responses. 

8.1 Scale Effects and Density Impacts 
The effect of spatial scale plays a fundamental role in terrain analysis and hydrology. 

The sampling density also affects the simulation accuracy of hydrological responses. 

Taking the Peacheater watershed as a case study, the following experiment tries to 

explore the effects of spatial scale of terrain model and sampling density on 

hydrological simulations. 

 

Figure 8.1 Experimental plan for analyzing scale effects and density impacts. 

 Figure 8.1 demonstrates the experimental plan for analyzing the influences 

of underlying spatial scale and sampling density of the starting points. The former 

denotes the spatial resolution of underlying terrain representation, while the latter 

determines the spatial density of the drainage paths. 

grid net

starting pointsunderlying TIN

grid DEM

TIN-10

TIN-20

TIN-30

SP-100

SP-200

SP-300

flow path networks

spatial scale sampling density

10 m

20 m

30 m

100 m

200 m

300 m

flow length flow velocity flow time outlet discharge

comparisons

Z Tolerance (m) Constraining Grid (m)

FPN-10-100 FPN-20-100 FPN-30-100

FPN-10-200 FPN-20-200 FPN-30-200

FPN-10-300 FPN-20-300 FPN-30-300

coarser

finer

sparser

denser



 

163 

 In this study, as shown by Figure 8.1, three different spatial scales (10, 20 

and 30 meters) and three different sampling densities (100, 200 and 300 meters) are 

analyzed and discussed. The following subsections will introduce the generation 

and comparison of multi-scale and multi-density results. 

8.1.1 Multi-scale drainage-constrained TINs 

As discussed above, the CPE method is used to create multi-scale and multi-density 

TINs from gridded DEM. The spatial scale of TIN is determined by the degree of 

importance (DOI) of the CPE terrain points, and the sampling density of flow path 

network is determined by the cell size of the constraining grid net.  

 As shown by Figure 8.2, the gridded DEM covering the Peacheater Creek 

watershed with a spatial resolution of 30 meters is used to create CPE-based 

drainage-constrained TIN and flow path networks. Figure 8.2 (a) demonstrates the 

stream lines with an upstream area more than 100 grid cells. These stream lines are 

extracted and generalized as constraining features for TIN creation. Figure 8.2 (b) 

shows the critical terrain points with different DOIs. 

 

Figure 8.2 The main stream lines and critical terrain points by CPE method. 
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 The CPE algorithm creates drainage-constrained TIN structure from above 

main stream lines and critical terrain points. As discussed above, the DOI of terrain 

points are determined by their importance in maintaining terrain form. The 

permitted RMSE of elevation in the maximum z-tolerance algorithm is used to 

represent their DOIs. As demonstrated by Figure 8.2 (b), three sets of terrain points 

with different DOIs (10, 20 and 30 meters) are extracted. With different sets of 

terrain points, as shown in Figure 8.3, the multi-scale TINs (TIN-10, TIN-20 and 

TIN-35) are created. 

 

Figure 8.3 Multi-scale drainage-constrained TINs created by CPE method. 

 As listed in Table 8.1, the detailed structures are compared between the 

above three TINs. To avoid the influence of edge effects, the TIN nodes near to the 

outline of the watershed are excluded from counting. As the underlying scale 

becomes coarser (TIN-10, TIN-20 and TIN-30), the number of terrain points and 

triangular facets decrease, and the triangular facets become larger. 

Table 8.1 Comparisons of structure details for multi-scale TINs. 

TIN Number of nodes Number of facets Average facet area 
(m2) 

RMSE of elevation 
(m) 

TIN-10 4596 9914 6.83 4.68 

TIN-20 1883 4446 15.14 5.98 

TIN-30 1130 2917 23.00 7.33 
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8.1.2 Multi-density random starting points 

As mentioned above, the spatial density of flow path network is determined by the 

sampling density of starting points. As shown in Figure 8.4, this study uses an 

independent grid net to generate random points, each point is randomly selected 

within each constraining grid cell. These random points will be used as starting 

points to create flow paths over TINs.  

 To analyze the impacts of sampling density of starting points on rainfall-

runoff simulation, three sets of random points with different constraining scale (100, 

200 and 300 meters) are generated. As shown by Figure 8.4, a total of 6931 starting 

points (SP-100) are generated by a grid net with a cell size of 100 meters, 1712 

starting points (SP-200) are generated by a grid net with a cell size of 200 meters, 

and 772 starting points (SP-300) are generated by a grid net with a cell size of 300 

meters.  

 

Figure 8.4 Multi-density starting points for tracking flow path networks. 

8.1.3 Multi-scale and multi-density flow path networks 

As discussed above, each set of flow path network is created from a pair of 

drainage-constrained TIN structure and random starting points. In this study, 

according to the experimental plan of sensitivity analysis in Figure 8.1, nine sets of 

flow path networks (e.g., FPN-10-100) are created from the above TINs (TIN-10, 

TIN-20 and TIN-30) and starting points (SP-100, SP-200 and SP-300). 
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 Figure 8.5 lists the above multi-scale and multi-density flow path networks. 

With the same set of starting points, the DEM-based stream lines are extracted from 

flow accumulation map by a modified D8 algorithm. Figure 8.5 (a1) shows the 

DEM-based streams starting from the SP-100, while Figure 8.5 (a2), (a3) and (a4) 

respectively show the TIN-based flow paths from the same set of starting points. 

Similarly, Figure 8.5 (b1) shows the DEM-based streams starting from the SP-200, 

while Figure 8.5 (b2), (b3) and (b4) show the corresponding TIN-based flow paths. 

Figure 8.5 (c1) shows the DEM-based streams starting from the SP-300, while 

Figure 8.5 (c2), (c3) and (c4) show the corresponding TIN-based flow paths. 

 

Figure 8.5 TIN-based flow path networks with different scales and densities. 

 According to the fundamentals of the particle-set framework, the flow path 

network is a bridge between the underlying terrain surface and the watershed 
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hydrological responses. Hence, in this study, comparisons are made between 

different flow path networks to explore the influences of underlying spatial scale 

and sampling density on hydrological modeling. 

8.2 Influences of Spatial Scale and Sampling Density  
The scale effect and density impact are shown by their influences on the flow 

lengths and flow time to the watershed outlet.  

8.2.1 Comparisons of error in elevation distribution 

With different number of terrain points, as shown by Figure 8.6, the multi-scale 

TINs differ in terrain accuracy. Before the extraction of terrain points, the original 

DEM is filled by the PDEM algorithm mentioned above. Figure 8.6 (a) shows the 

error distribution on the filled DEM in comparison with the original DEM. 

Attributing to the interpolation strategy in PDEM algorithm, the RMSE in elevation 

(4.65 meters) is under good control. Besides, by regarding the original DEM as a 

benchmark, the difference in elevation distribution on multi-scale TINs are 

calculated and compared.  

 As shown by Figure 8.6 (b), the TIN-10 has quite similar RMSE in elevation 

(4.68 meters) with the filled DEM. That can be explained by the retention capacity 

of the CPE algorithm. As the underlying spatial scale becomes coarser, as shown 

by Figure 8.6 (c) and (d), the TIN-20 has a RMSE in elevation of 5.98 meters, and 

the TIN-30 has a RMSE in elevation of 7.33 meters. From the perspective of error 

distribution in space, as demonstrated by the error maps in Figure 8.6, more 

significant difference in elevation occurs in the mid-stream and downstream regions, 

where the topography changes more greatly. 

 The CPE algorithm is believed to maximally maintain the terrain accuracy 

with much less terrain points. That is, the error in elevation distribution is under 

good control on the drainage-constrained TIN structure in comparison with original 

DEM. The TIN-based flow paths, hence, can have good coincidence with the actual 

drainage networks. 
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Figure 8.6 Comparisons of terrain accuracy between multi-scale TINs. 



 

169 

Besides, without the limitation of grid structure, these vector-based flow paths are 

believed to be more reliable in those gentle slope or flat areas. More importantly, 

the vector-based flow tracking algorithm can easily support the random selection 

of starting points, which is essential to represent and simulate the distributed rainfall 

inputs. 

8.2.2 Comparisons of flow length and time to outlet 

The influences of underlying surface and starting points on watershed hydrological 

responses are reflected through the flow path networks. While the terrain accuracy 

is under control, the watershed responses are reflected by the flow time from each 

starting point to the outlet. As discussed above, the flow time is determined by the 

distributions of flow length and field flow velocity. Figure 8.7 demonstrates the 

field distributions of flow length on gridded DEM and multi-scale TINs. 

 

Figure 8.7 Field distributions of flow length on DEM and multi-scale TINs. 

 The starting points are randomly selected from the constraining grid net. For 

each of them, the flow length can be calculated by summing the length of path 

segments along the flow path to outlet. To facilitate the comparison of field 

distribution, the nearest-neighbor interpolation method is applied to create the field 

maps from scattered points. More specifically, Figure 8.7 (a) shows the flow lengths 

from SP-100 on DEM, with the assistance of D8 algorithm. Figure 8.7 (b), (c) and 

(d) respectively demonstrate the field distributions of flow length from SP-100 over 

TIN-10, TIN-20 and TIN-30. The comparison of flow length distribution indicates 
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that the scale effect is under control. That is, the flow maps over multi-scale TINs 

are quite similar with each other. As a quantitative indicator, as shown in Figure 

8.7, the mean value of flow length over different terrain models are 10.93, 10.24, 

10.10 and 10.01 kilometers. The flow length becomes slightly shorter with decrease 

of underlying spatial scale, which can be largely explained by the different degrees 

of generalization on multi-scale terrain models.  

 The flow time to outlet is determined by the specific field distributions of 

flow length and velocity. As discussed above, this study uses a modified Manning 

formula to generate field map of flow velocity, which is subsequently applied to 

calculate constant flow velocity for each flow path segment. In other words, once 

the field distribution of flow velocity is determined, the field map of flow time to 

outlet is decided by the flow lengths and their spatial distributions. Figure 8.8 shows 

the maps of flow time, where the mean flow velocity is set to 0.06 meters per second.  

 

Figure 8.8 Field distributions of flow time on DEM and multi-scale TINs. 

 For each starting point, the flow time to watershed outlet is calculated by 

accumulating the flow time on each flow path segment, which equals to the ratio of 

flow length over flow velocity. Similarly, the nearest-neighbor interpolation 

method is also applied to create field maps from those starting points. Figure 8.8 (a) 

demonstrates the field distribution of flow time to outlet on DEM-based streams, 

while Figure 8.8 (b), (c) and(d) respectively show the field maps of flow time over 

TIN-10, TIN-20 and TIN-30. The most part of starting points on DEM have a flow 
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time less than one day, while almost half of them have a flow time more than a day 

(24 hours) on the multi-scale TINs. Obviously, the influence of underlying spatial 

scale is also under good control since the field distribution over multi-scale TINs 

are quite similar. The mean value of flow time to outlet on DEM is 16.58 hours, 

while the TIN-10, TIN-20 and TIN-30 respectively have a mean flow time of 24.65, 

25.77 and 25.76 hours. The significant difference between the DEM-based streams 

and those TIN-based flow paths can be largely explained by difference between 

grid-based and triangle-based flow direction. 

 Besides, in order to quantitatively analyze the similarity between these flow 

path networks, frequency distributions are calculated and plotted by kernel density 

estimation (KDE) method. As demonstrated by the curves in Figure 8.9, the kernel 

density distributions of flow length and time are compared. Figure 8.9 (a1), (a2) 

and (a3) respectively show the frequency distributions of flow lengths from SP-100, 

SP-200 and SP-300 over multi-scale terrain models. Figure 8.9 (b1), (b2) and (b3) 

respectively show the frequency distributions of flow time from SP-100, SP-200 

and SP-300 over multi-scale terrain models. 

 

Figure 8.9 Frequency distribution of length and time on multi-scale TINs. 
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 By regarding the flow length on DEM as a benchmark, the Pearson's relation 

coefficient is applied to quantify the similarities of those multi-scale TIN-based 

flow path networks. As shown in Table 8.2, the results indicate that the underlying 

spatial scale causes very limited impact on flow length distribution. Besides, the 

kernel density distributions of flow time to outlet are also plotted and compared. As 

shown in Figure 8.9, the flow time on DEM is much shorter than those on multi-

scale TINs, while the difference between these TINs are still very limited. 

Table 8.2 Comparisons of frequency distribution of drainage patterns. 

goodness-of-fit 
(Pearson's r) 

Source-sampling density (number/cell size: m) 

SP-100 SP-200 SP-300 

Spatial scale 
of TIN 

(DOI: m) 

TIN-10 0.9967 0.9959 0.9958 

TIN-20 0.9815 0.9936 0.9948 

TIN-30 0.9728 0.9943 0.9958 

 

 In summary, this chapter conducts a set of comparison tests to explore the 

influences of underlying spatial scale and source sampling density on hydrological 

responses. As the only bridge between the watershed factors and responses, the flow 

path network dominantly influences the hydrological responses. A set of three 

different spatial scales (from finer to coarser, TIN-10, TIN-20 and TIN-30) and 

three different sampling densities (from denser to sparser, SP-100, SP-200 and SP-

300) are discussed. The comparison results indicate that both the influences of 

spatial scale and sampling density are quite limited. The CPE algorithm has 

achieved quite good terrain accuracy during the generation of TIN structure from 

gridded DEM. On the other hand, the TIN-based flow paths are in good coincidence 

with the DEM-based streams because the main streams are embedded as TIN edges. 

Further efforts are required to evaluate the influences of hydraulic principles, 

especially the determination of flow velocity, on hydrological responses.  
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Chapter 9 Discussion 

The chapter provides an overall discussion on the particle-set hydrological model. 

It focuses to (1) comprehensive analysis of experimental results, (2) systematic 

responses to research objectives, (3) summative discussion on main contributions, 

and (4) critical evaluation of this study. 

9.1 Comprehensive Analysis of Experimental Results  
This study conducts a series of experiments to evaluate the proposed particle-set 

hydrological model from three aspects, (1) accuracy performance, (2) efficiency 

performance, and (3) model sensitivity. 

9.1.1 Accuracy performance 

The experiment of accuracy validation is undertaken in two different test areas, (1) 

a mountainous area in Central Asia for validating the accuracy performance in the 

stage of terrain analysis, and (2) a gauged catchment in Central North America for 

validating the accuracy performance in the stage of hydrological modeling. 

 For the phase of terrain analysis, the original DEM has in turn been filled 

(PDEM algorithm), generalized (CPE algorithm), triangulated (Delaunay rules), 

optimized (depression and flat areas), and used for path tracking (vector-based). 

From DEM to TIN, and from TIN to flow path networks, the underlying terrain 

surface has been represented to different degrees. The flow paths are expected to 

be coincidence with the actual topographic relief. Experiments are conducted to 

explore the consistence by comparing (1) the error distribution between different 

terrain models, and (2) the coincidence between DEM-based and TIN-based paths. 

 The experimental results of both two test areas indicate that the terrain 

accuracy is under good control. Firstly, attributing to the linear interpolation 

method, the PDEM algorithm has slightly changed the original DEM, and can 

achieved a much less RMSE in elevation. Secondly, as discussed above, the CPE 

algorithm can maximally maintain the terrain form and the hydrological features 
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with much less terrain points. Thirdly, the TIN-based optimization algorithm used 

in this study can remove the depression and flat areas in TIN structure without 

significant loss in terrain analysis. Finally, without the limitation of grid structure, 

the TIN-based flow paths have good coincidence with the referenced data.  

 For the phase of hydrological modeling, the watershed responses have been 

predicted from the gauged rainfall inputs, the distributed land surface and the 

upstream-to-downstream flow path network. The accuracy performance is explored 

by the comparison of predicted discharges to field observed data. Experiments are 

conducted to predict the dynamic responses to 10 selected rainfall events. The 

experimental results indicate that the particle-set framework has achieved quite 

acceptable accuracy. 

 In summary, the accuracy performance has been evaluated in different 

stages, where the terrain accuracy is always under good control, and the prediction 

accuracy is subject to the estimation of effective flow production. 

9.1.2 Efficiency performance 

The experiment of efficiency evaluation is undertaken in Peacheater watershed. The 

efficiency performance is evaluated in two aspects, (1) parallel portion, and (2) 

parallel efficiency. The former represents how much of the computational workload 

can be computed in parallel, while the latter indicates how close the experimental 

parallel efficiency is to the most ideal situation. In this study, 3 sets of 80 

experiments are conducted to perform the simulation process over 10 selected 

rainfall events, with 2𝑛 (n = 0, 1, ..., 7) parallel processing units. For those 3 sets of 

experiments, each millimeter of surface flow production is in turn represented by 

10, 20 and 30 runoff particles. 

 For up to 240 rainfall-runoff simulation experiments, the number of runoff 

particles, the computational time cost and the number of processing units are 

recorded. The parallel portion and efficiency are estimated by comparing the 

experimental results to the theoretical values. The quantitative results indicate that 

the particle-based parallel strategy can achieve almost the most ideal efficiency 



 

175 

performance. More specifically, about 99% of the computational workload for 

runoff routing simulation can be computed in parallel, and the difference between 

the experimental and theoretical efficiency is less than 0.5%. 

9.1.3 Sensitivity analysis 

The experiment of sensitivity analysis is also undertaken in Peacheater watershed. 

The influences of underlying spatial scale and sampling density on watershed 

responses are quantified by the changes in distributions of flow length and time. 

Both field and frequency distributions are compared, and statistical indicators are 

applied to quantify the differences. 

 For underlying spatial scale, three groups of drainage-constrained TINs 

(TIN-10, TIN-20 and TIN-30) are created from gridded DEM with different RMSE 

in elevation of 10, 20 and 30 meters. For sampling density, three sets of starting 

points (SP-100, SP-200 and SP-300) are selected from three independent grid nets, 

with different cell size of 100, 200 and 300 meters. A total of 9 groups of flow path 

networks are generated from 3 sets of source points over 3 groups of underlying 

TINs. On the one side, field distribution of error in elevation over multi-scale TINs 

are compared to explore the scale effect on terrain accuracy. On the other side, both 

field and frequency distributions of flow length and time over multi-scale TINs are 

compared to explore the scale effect and density impact on watershed responses. 

 The experimental results indicate that both scale effect and density impact 

are under good control, as the similarities between flow path networks over multi-

scale TINs from multi-density starting points. In comparison with those on the 

original DEM, the determination of flow velocity plays a critical role in watershed 

responses. 

9.2 Systematic Responses to Research Objectives 
According to the research objectives mentioned above, this study aims to (1) 

develop a simplified representation of terrain surface for hydrological modeling, (2) 

describe the watershed responses with unified physical mechanisms, and (3) 
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overcome the tradeoff between computational workload and time cost. The 

following subsections will try to response to these objectives. 

9.2.1 Simplified representation of terrain surface 

As discussed above, there are four main kinds of terrain representations in existing 

watershed hydrological models. According to the comparisons in Figure 2.5, the 

SHE represents the watershed with layered cubes, PIHM uses layered prisms, the 

SWAT uses overlapped patches, and the tRIBS uses tessellated triangular facets. In 

this study, the particle-set framework represents the underlying terrain surface with 

the upstream-to-downstream flow path network. 

 The flow path network simplifies the three-dimensional terrain surface with 

a one-dimensional structure. In comparisons to the existing representations, the 

SHE and PIHM models use layered three-dimensional cells, while the SWAT and 

tRIBS models use tessellated two-dimensional cells. However, the spatial 

relationship between these cells remains undefined. It must have to some degree 

caused additional computational burden during hydrological modeling. Taking the 

SWAT model as an example, the overlapped patches are defined as two-

dimensional HRUs for calculating responses, but these responses need further 

computation with the assistance of stream links. In summary, the flow path network 

has represented the drainage features in the watershed without much less in terrain 

accuracy. More importantly, the topology relationship recorded in the structure can 

significantly reduce the computational burden in hydrological applications. 

9.2.2 Physical description of watershed response 

The existing hydrological models regard the watershed as an agent that can 

response to rainfall inputs. Empirical and conceptual principles are used to describe 

the water exchanges between atmosphere, plant cover, soil surface and underground 

space, as well as between those divided sub-catchments or HRUs. However, these 

descriptions may significantly hamper the application of watershed models. On the 

one hand, the model parameters for empirical or conceptual descriptions are subject 

to the specific climate, hydrological, geographical and topographical conditions. 
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On the other hand, existing conceptual models always need a large number of 

parameters to describe the watershed processes. Therefore, this study aims to 

explore a unified description of watershed responses.  

 The particle-set framework represents the underlying surface with one-

dimensional flow path network, and simulates the moving surface runoff with 

independent particles. With this more realistic representation of watershed response, 

the particle-set framework is proven to be a tightly-coupled physically-based 

distributed hydrological model. The watershed responses are divided into two parts, 

(a) flow production determined by underlying conditions, and (2) runoff routing 

determined by the field distribution of flow velocity. The watershed processes are 

physically simulated by the movements of runoff particles. It has several clear 

advantages, such as more direct representation of watershed responses, less model 

parameters for empirical or conceptual descriptions, more separate processes of 

flow production and runoff routing, and most importantly, the movements of runoff 

particles relate only to the underlying flow paths. 

9.2.3 Parallel computation of dynamic process 

Most of existing parallel strategies for high-performance computing are task-level 

efficiency, by dividing the underlying watershed into separate regions. However, 

the parallel efficiency has seriously been hampered by the dependences between 

the upstream and downstream watershed units. No matter how the watershed is 

segmented, cells or sub-basins, the temporal responses on the downstream units are 

closely related to those on the upstream units. As a result, there is always a tradeoff 

between the computational burden and capacity, which makes it difficult to achieve 

higher simulation performance by increasing the number of processors. Therefore, 

one main objective of this study is to develop a more efficient parallel strategy for 

watershed modeling. 

 By representing the hydrological responses with moving particles, the 

particle-set framework has provided a data-level parallel efficiency. Since the 

runoff particles are completely independent of each other, the movements of 
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different particles can then be concurrently computed by different processing units. 

Different from the surface segmentation strategy, the particle-based strategy is 

proven to provide almost 99% parallel portion and about 99.5% of the most ideal 

parallel efficiency. 

9.3 Summative Discussion on Main Contributions 
This study proposes a high-performance particle-set distributed hydrological model 

for dynamic simulation of rainfall-runoff process. The main contributions can then 

be summarized as, (1) designed a more realistic framework for watershed modeling, 

and (2) developed a more efficient platform for runoff routing simulation. 

9.3.1 Realistic framework for watershed modeling 

According to the conceptual framework, the particle-set model represents the 

underlying terrain surface with one-dimensional flow path network, and represents 

the moving surface runoff with moving particles along the flow paths.  

 The particle-set framework has several clear advantages for watershed 

modeling, including (1) representing the three-dimensional terrain surface with 

simplified structure of node-path network, (2) representing the complicated 

watershed processes with simplified computation of particle tracking, and (3) 

supporting extensions since the watershed factors can affect the hydrological 

responses by adjusting the field distribution of flow velocity. 

9.3.2 Efficient simulation platform for runoff routing 

With the assistance of MPICH framework, the implemented particle-set modeling 

platform has achieved quite high-performance in runoff routing simulation.  

 The simulation platform has some clear advantages for rainfall-runoff 

modeling applications, such as (1) decreasing the computational burden by (a) 

representing the underlying surface with flow paths, (b) simplifying the watershed 

processes with random sampling of starting points, and (2) decreasing the 

computational time costs by increasing the number of processors. 
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9.4 Critical Evaluation of Particle-set Framework 
This study designed and developed a high-performance distributed hydrological 

model for dynamic simulation of rainfall-runoff process. The proposed particle-set 

framework has been proven to fulfill the requirements of efficient application. 

However, there are still some obvious shortcomings in this framework. Further 

efforts are required to improve the proposed particle-set framework.  

9.4.1 Hydrological and hydraulic supports 

The particle-set hydrological model separates the watershed processes into two 

distinct parts, (1) the process of flow production, and (2) the process of runoff 

routing. In this study, the flow production is calculated by the SWAT model, 

estimating daily flow generation to daily rainfall input based on empirical and 

conceptual equations. Besides, the runoff routing is designed and implemented by 

programming platform.  

 For the calculation of flow production, the SWAT model is widely known 

as an empirical model for water balance estimation within a specific surface unit. 

As discussed above, in fact, only an empirical parameter (namely, the CN number) 

is used as the bridge between the complex watershed factors and the volume of flow 

production. Besides, the existing SWAT model allows only daily time step, thus 

the hourly flow production is linearly interpolated from the daily flow production 

and hourly rainfall intensity. In addition, the SWAT model is mainly useful as a 

lumped or semi-distributed model to estimate the overall responses on a sub-

catchment, thus it may not be appropriate for spatially-distributed flow production 

estimation. In summary, more advanced hydrological models or principles are 

required to improve the estimation of distributed flow generation. 

 For the simulation of runoff routing, the determination of flow velocity 

relies mainly on the average flow velocity in the watershed. However, this 

parameter is still difficult to obtain. Further efforts will be made to develop new 

determination method from hydraulic principles. Besides, the flow velocity on each 

path segment remains unchanged during the process of runoff routing. In fact, the 
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flow velocity keeps on changing with the instantaneous water volumes. That can to 

some degree explain the difference between the predicted and the observed outlet 

discharges as shown in Figure 6.8. According to the discharge curves at the cross 

section of watershed outlet, the peak discharge for each rainfall event comes rapidly 

but goes slowly, while predicted peak discharge is more symmetrical than that in 

field data. That is largely because the flow velocity becomes more and more quickly 

as the peak comes, and it will become slower and slower as the peak goes. In 

summary, further studies may be required to explore dynamic self-adaptive flow 

velocity during the rainfall-runoff process. 

9.4.2 Field validation and performance comparison 

For validating prediction accuracy of proposed particle-set model, the experiment 

relies largely on the gauged rainfall and discharge data. Besides, for evaluating 

simulation efficiency of implemented particle-set platform, the experimental results 

are compared to the theoretical values. However, further efforts are also required to 

strengthen the model assessment experiments. 

 For the validation of prediction accuracy, the stationary rainfall data are 

interpolated into spatially distributed rainfall inputs, and the outlet discharges are 

used to validate the predicted runoff particles. Instead, more distributed rainfall data 

and discharge data of more than one monitoring site may help to improve the 

assessment of prediction accuracy. 

 For the evaluation of simulation efficiency, only the computational time 

costed by the process of runoff routing is counted. Further studies are required to 

simulate the process of flow production with particle-based strategy. Thus, the 

computing time of the entire rainfall-runoff process can then be compared. In 

addition, the data-level parallel efficiency implemented in the particle-set model is 

believed to be more efficient than those task-level parallel efficiencies in the 

existing parallelized models. Hence, further experiments would be undertaken to 

compare the efficiency performance with existing hydrological modeling platforms. 
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Chapter 10 Conclusion and Outlook 

The chapter comes to the conclusions. It begins with a summary on research works, 

and then discusses on main contributions to the knowledge. Further works are also 

suggested to improve the proposed particle-set model. 

10.1 Summary of Research Work 
Watershed modeling plays a very important role either in the field of hydrology or 

geography. This study reviews the developments and achievements of hydrological 

models. The lumped empirical or semi-distributed conceptual models focus mainly 

on predicting the discharge processes at the cross sections, while the physically-

based distributed models can be upgraded to provide dynamic simulations of 

surface flow in both space and time. However, the application of most existing 

physically-based models has seriously hampered by some tough realities, such as 

problem of over-parameterization in process description, redundant representation 

of watershed surface, and tradeoff between computational workload and capacity. 

 Previous studies have noticed about these questions, and already made some 

efforts to solve them with the developments in remotely sensed data, GIS platforms, 

terrain analysis and computing techniques (Y. Chen et al., 2014; Ivanov, Vivoni, 

Bras, & Entekhabi, 2004a; Qu & Duffy, 2007; Vivoni et al., 2011). The GIS-

supported models try to develop a unified description for the physical mechanisms. 

It can significantly decrease the number of model parameters by synthesizing those 

complicated watershed factors into unified hydrologic and hydraulic parameters. 

Besides, the scale-adaptive TIN structure can obtain more realistic representations 

of watershed surface. In addition, the increasing popular distributed or parallel 

computing techniques provide high-performance simulations for spatiotemporal 

dynamics of surface flow. However, there still exists some obvious drawbacks. The 

tessellation-based representations of watershed surface (e.g., 2D or 3D, rectangular 

cells, overlapped patches or triangular facets) cannot support physical movements 

of surface flow. What is more, the existing segmentation-based parallel scheme is 

insufficient to achieve ideal performance in simulation efficiency. One main reason 
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is that the hydrological responses of different sub-basins or surface units are not 

independent on each other. Additional computational resources are required for the 

synthetization task. The performance in computing efficiency would be seriously 

limited by those real-time computation burden. 

 To overcome above-mentioned shortcomings in watershed modeling, this 

study proposed a particle-set hydrological model. It is a subsequent work following 

with the flow path network model (Y. Chen et al., 2014). More specifically, the 

particle-set framework consists of two parts, the three-dimensional underlying 

watershed surface is represented by a one-dimensional flow path network, and the 

surface water is represented by the movements of runoff particles. To validate the 

performance of the proposed particle-set hydrological model, a prototype of 

watershed modeling system was developed and implemented with the assistance of 

ArcGIS platform, ArcSWAT interface and programming methods. In particular, the 

MPICH framework and its compatible C programming language were integrated to 

implement the parallel simulation platform. 

 To validate and evaluate the performance of particle-set modeling system, 

a set of experiments were undertaken based on two separate regions, a mountainous 

area in Central Asia and a gauged watershed in Central America. The former 

focused mainly on validating the performance in representation accuracy during the 

phase of terrain analysis, while the latter was responsible for evaluating the its 

performance in prediction accuracy and simulation efficiency during the phase of 

hydrological modeling. Besides, additional experiments were made based on the 

gauged watershed to explore the parameter sensitivity of the proposed model.  

 The experimental results of topographical representation, hydrological 

modeling and sensitivity analysis indicated that the particle-set framework can 

provide quite an acceptable accuracy performance in the prediction of hydrological 

responses, can achieve almost the ideal efficiency performance in the parallel 

simulation of runoff routing, and can maintain the reliability in model sensitivity of 

underlying spatial scale and source sampling density. 
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10.2 Contributions to Knowledge 
Short-duration extreme rainfall events may cause damage to basin landscape, a real-

time simulation system for spatio-temporal flow dynamics is expected. This study 

reviewed the developments of research on watershed modeling with the support 

from RS, GIS, DTA and parallel computing techniques, proposed a particle-set 

hydrological model to improve the existing physically-based models, and evaluated 

its performance in accuracy, efficiency and stability. Therefore, the major objective 

of this study is to overcome the drawbacks of existing hydrological models.  

 According to the review of previous literatures in Chapter 2, the existing 

hydrological models are roughly classified as lumped empirical models, semi-

distributed conceptual models and distributed physically-based models. However, 

the application of lumped empirical or semi-distributed conceptual models have 

been hampered by their shortcomings, such as parameter description, application 

flexibility, condition adaptation and spatial representation. The physically-based 

distributed models are believed to be more appropriate to provide spatiotemporal 

dynamics of watershed rainfall-runoff process. With the advent of computer era, 

the physically-based models have experienced a rapid growth. However, there are 

some obvious drawbacks as following. 

• The dynamic spatial distribution of surface flow is limited by the redundant 

representation of underlying watershed surface. The existing physically-based 

distributed hydrological models use two-dimensional (e.g., SWAT and tRIBS) or 

three-dimensional (e.g., SHE and PIHM) segmentation structure to represent the 

watershed. These structures focus more on providing distributed responses of flow 

production than runoff routing. As a result, the simulation of flow concentration has 

been neglected to different degrees. Taking the SWAT models as an example, the 

streamlines extracted from the terrain model are only used to record the upstream-

to-downstream relationship between different HRUs. These models focus more on 

predicting outlet discharges than estimating spatial distribution of surface flow 

during the rainfall-runoff process. 

• The application flexibility is seriously hampered by the over-parameterized 
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description of watershed processes. Since the watershed surface is divided into sub-

basins or even smaller HRUs, different parameters or values are denoted into each 

surface units to describe the hydrological responses to rainfall inputs. As a result, 

the specific watershed is determined by quite a huge number of model parameters. 

That is, up to hundreds or thousands of parameters are required in total. That may 

be one of the main reasons of the difficulty for non-expert users to understand or 

handle them, such as SWAT and SHE model. Another direct effect is the difficulty 

in applying into a different catchment where the factors changed. 

• The simulation efficiency performance is affected by the tradeoff between 

computational burden and computing capacity. The larger the computational 

workload, the more resource costs in hydrological modeling. The computational 

burden has become more and more serious with the increasing requirements of 

spatiotemporal dynamics. Fortunately, as the computing resources become cheaper, 

the computing capacity has also been significantly improved. Therefore, many 

previous studies focused on decreasing the computational time cost by involving 

high-performance computing techniques. The existing distributed models use a 

segmentation-based parallel scheme to share the computational burden with more 

than one processing unit. That is, the hydrological responses may be concurrently 

calculated on different processes or processors. However, since these segmented 

surface units are not completely independent on each other, much additional 

computing resources are required to synchronize the process of flow concentration. 

 This study proposes a particle-set distributed hydrological model to fulfill 

the requirements of watershed modeling. The framework of particle-set modeling 

system can be described as following. 

• It represents the underlying watershed surface with a one-dimensional flow 

path network. The flow path network has some clear advantages in comparison with 

the existing representation structures of watershed, such as direct representation, 

efficient storage, feature retention and upstream-to-downstream topology. 

• It represents the spatial and temporal dynamics of surface flow with moving 

runoff particles. The runoff particles can realistically represent the process of flow 
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production and runoff concentration. More specifically, the density of particles can 

directly represent the rainfall intensity or flow production capacity at a specific 

location, while the speed of particles can represent the flow velocity within the 

watershed under the control of topographical and hydrological factors. 

• It tracks the movements of particles along flow paths under the control of 

field distribution of flow velocity. In the real world, the surface water may flow 

along the slope, stream and channels. In the particle-set framework, the moving 

routes are represented by the gradient-based flow paths from randomly selected 

starting points. The movements of runoff particles, therefore, can directly represent 

the spatial and temporal distributions of surface water within the watershed.  

• It calculates the flow velocity and flow time on path segment based on the 

underlying watershed factors. In the real world, the surface flow velocity (on slope 

or in channel) is mainly determined by two factors, the pressure coming from 

upstream water (hydraulic radius, water volume) and the driving force coming from 

underlying topography (hydraulic slope, channel shape). In the particle-set 

framework, the determination of flow velocity relies on these two factors, the 

upstream pressure is represented by the upstream area and the underlying force is 

approximate to the terrain slope. 

• It predicts the flow discharges by counting the number of runoff particles 

passing through the cross section. In the real world, the flow discharges are 

measured by flow meters at gauge stations. It measures how much water is passing 

through the cross section per unit time. Similarly, since the runoff particles 

represent the surface flow, the flow discharges are represented by the number of 

passing particles. The volume of surface water represented by each particle is 

determined by rainfall intensity, particle density and evapotranspiration coefficient. 

• It simulates the watershed processes by plotting the field distributions of 

runoff particles on the flow paths. In the real world, the process of flow production 

and the runoff routing process occur concurrently. As the rainfall continues, new 

surface water would be assigned into the drainage system, and the surface runoffs 

would keep on moving along the slope, stream and channels. In the particle-set 

framework, new runoff particles are generated and assigned to the random sources, 
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while existing particles will keep on moving under the control of flow velocity. As 

a result, the field distributions of particles can also directly represent the spatial and 

temporal dynamics of rainfall-runoff process within the watershed. 

 In summary, the fundamental contribution of this study is to investigate such 

a high-performance rainfall-runoff modeling framework. It has made some 

improvements to the fields of geography, hydrology and earth process modeling. 

More specifically, they can be narrowed down to three primary aspects. 

• Lightweight physical framework. The particle-set framework builds a light 

bridge between complicated watershed factors and spatiotemporal hydrological 

responses. The three-dimensional underlying watershed is simplified as a one-

dimensional topological structure, while the watershed hydrological responses are 

represented by runoff particles. In comparison with existing physically-based 

models, the simplified particle-set framework is controlled by much less parameters, 

and can be applied to different catchments. 

• Extensible simulation system. The process of flow production is separated 

from runoff routing process in the particle simulation system. The former relies on 

hydrologic principles of flow production estimation, while the latter is under the 

control of hydraulic principles such as flow velocity determination. This study used 

the SWAT model to estimate flow production module, and upgraded the Manning's 

formula to determine flow velocity and support runoff routing. As an extensible 

system, more flexible solutions can be expected to make more accurate predictions 

of hydrological responses. 

• Efficient parallel scheme. The process of runoff routing is simulated by 

tracking the movements of particles instead of estimating rainfall responses of basin 

units. Since the runoff particles are completely independent of each other, almost 

all the computational workload can be computed in parallel. Existing studies on 

parallel simulation indicate that the efficiency performance has always been limited 

(Vivoni et al., 2011), while the speed-up tests have proved that the particle-based 

scheme can achieve a parallel portion of 99%, and almost ideal parallel efficiency. 
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10.3 Further Works for Improvements 
This study proposed, developed, implemented and evaluated the particle-set model 

for the dynamic simulation of rainfall-runoff process. As discussed above, this 

model has several obvious advantages, such as   

• representing the three-dimensional watershed water interactions by particle 

movements along a one-dimensional structure; 

• providing high-resolution spatial and temporal dynamics of surface runoff 

during the rainfall events; 

• describing the spatially heterogeneous rainfall-runoff processes by a unified 

mechanism; 

• improving the parallel efficiency of watershed modeling to a data-parallel 

level. 

 However, further efforts are also required to enhance and improve the 

particle-set model implemented in this study. More specifically, it can be enriched 

from following aspects. 

• Further studies should strengthen the hydrological and hydraulic principles 

involved in this study. This study used the SWAT model to estimate surface flow 

production from rainfall inputs, and a modified Manning's formula to determine the 

flow velocity on path segments. However, the SWAT equations are considered to 

some degree too empirical to predict hydrological responses in distributed models, 

and the Manning's method applies mainly to open channels. More physically-based 

descriptions, such as tRIBS and PIHM, can be explored to improve the hydrological 

responses of flow production. Besides, more geometry-based methods can also be 

investigated to improve the hydraulic principles of flow velocity determination. In 

addition, since flow velocity changes as the peak discharge comes or goes, dynamic 

adaptive flow velocity may also need to be developed. 

• Further efforts are required to develop the particle-based algorithm for 

estimating flow production. The main objective of this work is to develop a high-

performance (in efficiency) model for the dynamic simulation of rainfall-runoff 
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process. As a result, this study focused mainly on the process of runoff routing 

rather than the process of flow production. The efficiency evaluation experiments 

focused narrowly on the time cost of particle tracking. One reason is that the flow 

production is estimated by third-party platforms. Theoretically, the process of flow 

production can also be developed based on the particle-set concept. Additional time 

cost maybe required to analyze the influences of spatially heterogeneous watershed 

factors on flow production. 

• Further works can be conducted to improve the integrated simulation system 

for further application in real world events. As discussed above, this study focused 

mainly on developing, validating and evaluating the performance in efficiency of 

particle-set model, especially in process of flow routing. As a result, the prototype 

of simulation system is implemented by integrating modules from ArcGIS platform, 

ArcSWAT interface and some third-party programming tools. That will to some 

degree affect the performance in data processing, exchanging and visualizing, and 

then affects its practical application in the real world. Based on the above effort on 

particle-based flow production module, additional efforts can be done to implement 

a tightly-coupled application platform. It should allow universal data exchange, 

automatic data processing and real-time dynamic visualization.  

• Further researches are prospected to evaluate the performance in accuracy, 

efficiency and sensitivity in comparison to existing mature platforms. As discussed 

above, the performance of particle-set model is validated and evaluated from three 

aspects, accuracy (terrain analysis and hydrological modeling), efficiency (parallel 

portion and parallel efficiency) and sensitivity (underlying spatial scale and source 

sampling density). The benchmarks come from referenced data (higher accuracy, 

field measurement) or quantitative comparisons (geometry similarity, matching 

error). Further researches, therefore, are also prospected for more immediate 

assessment, such as prediction accuracy of same rainfall event, parallel efficiency 

with same cluster architecture, and reliability at same spatial scale in comparison to 

other rainfall-runoff simulation platforms. 
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APPENDIX - The Particle-set System 

This study implements a prototype of the particle-set rainfall-runoff simulation 

system with the MPICH parallel computing framework. The source codes and 

sample data are open source on GitHub (https://github.com/funtry/particle-set). A 

more detailed guide on environment configuration is provided on the webpage 

(http://www.zhangfangli.cn/journal/platform-configuration.html). As an appendix, 

this part comes from the configuration guide, and aims to introduce the key steps 

of environment configuration, program setup and project navigation. 

(1) Parallel computing environment 

The parallel simulation platform is deployed on the cloud platform provided by 

Amazon web service. A m4.16xlarge instance with up to 128 virtual CPUs is used 

in this study. To facilitate demonstration, this guide is generated based on a free 

instance with only 4 virtual CPUs.  

 As mentioned above, the Ubuntu server operating system is installed into 

the computer instance on Amazon cloud platform. Following are Linux commands 

for login into cloud platform from local host, and checking the information of 

processors on each cluster node. 

• SSH login with private key 

 ssh -i "key.pem" ubuntu@54.202.97.199 (IP address) 

• Check the number of processors 

 grep 'processor' /proc/cpuinfo | sort -u | wc -l 

 The GCC environment is installed in the Ubuntu server operating system to 

support C program compiling, as the MPICH framework only supports C, C++ and 

Fortran programming languages. Before the installation of applications, the make 

compiler should be installed. Following are the related commands for updating the 

source list of applications, installing the make compiler and the GCC compiler. 
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• Update the source list 

 sudo apt-get update 

• Install make compiler 

 sudo apt-get install make 

• Install GCC compiler 

 sudo apt-get install gcc 

 The MPICH framework is considered a widely used implementation of the 

MPI standards, which define the communication standards between different 

processes or processors. The MPICH framework should run with the HYDRA 

framework, which is responsible for managing the processors in the cluster. 

Following are the online sources of installation packages of the above two 

applications, and the Linux commands to send them to the target cloud platform 

from local host. 

• Download source packages 

 https://www.mpich.org/downloads/ (mpich-3.2.tar.gz) 

 https://www.mpich.org/downloads/ (hydra-3.2.tar.gz) 

• Send packages to remote instance 

              scp -i "key.pem" mpich-3.2.tar.gz ubuntu@54.202.97.199:/home/user 

              scp -i "key.pem" hydra-3.2.tar.gz ubuntu@54.202.97.199:/home/user 

 Following are the related Linux commands for the installation of MPICH 

and HYDRA framework. The installation steps are quite similar, they both consist 

of (a) create a target file path, (b) change the permission of path, (c) decompress 

the installation package, (d) configure the compiling parameters, and (e) compiling 

with make command, and (f) install with make command. The difference between 

their installation exists in the configuration step. For the configuration of MPICH, 

the Fortran and C++ programming languages are disabled since they have not been 
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used. For the configuration of HYDRA, just the target file path is denoted. 

• Install MPICH 

 mkdir ~/mpich 

 chmod -R 777 ~/mpich 

 tar xfz mpich-3.2.tar.gz 

 cd ~/mpich-3.2 

 ./configure -prefix=/home/ubuntu/mpich -disable-fortran -disable-cxx 

 make 

 make install 

• Install Hydra 

 mkdir ~/hydra 

 chmod -R 777 ~/hydra 

 tar xfz hydra-3.2.tar.gz 

 cd ~/hydra-3.2 

 ./configure -prefix=/home/ubuntu/hydra 

 make 

 make install 

(2) Experimental simulation system 

After the installation of runtime environment, some setups on configuration file are 

required. The following environment variables are recorded in a read-ahead file to 

find the paths of MPICH installation, host file of processor description, MPICH 

commands and head files. 

• Configure environment variables (vim ~/.bashrc) 

   MPI_HOME=/home/ubuntu/mpich 
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   HYDRA_HOST_FILE=/home/ubuntu/hydra/hosts 

   PATH=$MPI_HOME/bin:$PATH 

   export MPI_HOME 

   export HYDRA_HOST_FILE 

  export PATH 

 

  # GCC include 

   C_INCLUDE_PATH=$C_INCLUDE_PATH:$MPI_HOME/include 

   export C_INCLUDE_PATH 

 The host file of processor description records the number of processors on 

each host in the cluster. For each host (node in cluster), there is one row of notes, 

recoding the host ID and the number of its processors. 

• Setup process manager (vim ~/hydra/hosts) 

 # host ID: number of processors 

 ip-54-202-97-199: 4 

           ... : ... 

 ip-54-202-97-191: 4 

 

 A shell script is prepared to perform the experiments with different pre-

defined parameters. For each iteration, it would (a) empty the path of output files, 

(b) compile the main program with MPICH commands (mpicc) and (c) execute the 

main program with MPICH commands (mpiexec). Besides, to facilitate speedup 

tests, a for loop is used to execute the simulation program with increasing processes. 

• Execute in parallel (vim ~/run.sh) 

 # empty output files 
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 rm -rf ./aws/output/* 

 

          # compiling with MPICH framework 

          mpicc -o ./aws/particle-set ./aws/particle-set.c -lm 

 

          # executing with increasing processors (... '128') 

          for i in '1' '2' '3' '4'; 

               do 

                   mpiexec -np $i ./aws/particle-set 

          done 

 Following is a shell script for execute the above shell script of parallel 

computing experiments. Besides, the output messages are recorded in a log file. 

• Run batch file (program execution) 

 /bin/sh ./run.sh | tee ./log.txt 

(3) Sample project on GitHub 

The above-mentioned source codes and sample data are open to criticism. 

Following are the online resources of the GitHub repository and the environment 

configuration guide. 

• GitHub repository 

 https://github.com/funtry/particle-set 

• Experimental guide 

 http://www.zhangfangli.cn/journal/platform-configuration.html 

 Following is the structure of open source project on GitHub. In the directory 

of particle-set, there are one guide file, one program file and two sub-directories. 
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The guide file links to the online environment configuration guide. The program 

file is the MPICH-based C program for the parallel simulation of rainfall-runoff 

process. The input files of sample data are in the input directory, while the output 

files are provided for reference in the output directory. As discussed above, the 

input files include a table of path nodes, a table of path lines, and a set of matrixes 

representing the distributed rainfall inputs (flow production). The output files 

include the dynamic flow maps over time, the number of outlet particles, and the 

accumulated time cost of runoff routing process. 

• Project structure 

 

 # content of source project 

 +----- particle-set                     # root path 

        /----- README.md              # configuration guide 

       /----- particle.c             # main program 

        +----- input                  # input file path 

                 /----- pathnode.in   # flow path nodes 

                /----- pathline.in  # flow path segments 

                 /----- rainfall.in  # flow production 

        +----- output                 # output file path 

                 /----- flowmap.out  # dynamic flow maps 

                 /----- outlet.out     # outlet discharges 

                 /----- timecost.out  # time costs 
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