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ABSTRACT 

Development of Inverse Modeling Method for Emission Source Identification in River 

Pollution Incidents 

 

Yinying Zhu, Ph.D.  

Concordia University, 2022 

Accidental spills and illegal chemical discharges have occurred worldwide, causing adverse 

effects on human health and the ecosystem. Inverse models play an essential role in source 

identification based on limited concentration data observed at monitoring sites. However, most 

studies have been conducted on the inverse inference of pollution sources in atmospheric and 

groundwater environments. Few studies have focused on identifying pollution sources in rivers. In 

addition, multiple source identification, uncertainty quantification and sensitivity analysis of 

inverse models are rarely considered. An integrated inverse modeling system is developed in this 

thesis for source identification in river pollution incidents, including three independent inverse 

modeling approaches for an instantaneous point source (IPS), a continuous point source (CPS), and 

multi-point sources (MPS), respectively. The inverse modeling approach estimates source 

parameters with uncertainty concerns by combining a water quality model and a probabilistic 

inverse method based on observed pollutant concentrations. 

First, the IPS inverse modeling approach is developed based on the Metropolis-Hastings (MH) 

method. Then the developed MH-based IPS approach is tested and compared with a genetic 

algorithm (GA)-based IPS approach for a hypothetical case and a real case study. Results confirm 

that the MH-based IPS approach performs better than the GA-based IPS approach in terms of 

accuracy and stability for IPS source identification. According to the sensitivity analysis, the 

emission mass of the pollution source positively correlates with the dispersion coefficient and the 

river cross-sectional area, whereas the flow velocity significantly affects the identified values of 

release location and release time. Second, the CPS inverse modeling approach employed the up-

to-date DiffeRential Evolution Adaptive Metropolis (DREAM) algorithm to estimate source 
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parameters. The DREAM-based CPS inverse modeling approach accurately performs in a 

hypothetical case and a field tracer case. Moreover, compared to the MH-based and GA-based CPS 

approaches for CPS identification, the DREAM-based CPS approach has an advantage in accuracy, 

computation time, and reconstructing the time series of pollutant concentrations. The accuracy of 

the approach can be improved by decreasing observation errors, increasing the monitoring number, 

and deciding monitoring locations closer to the spill site.  Third, the MPS inverse modeling 

approach is developed based on the DREAM algorithm. The one-point, two-point, and three-point 

source problems are considered in case studies to validate the feasibility and accuracy of the 

DREAM-based MPS approach. Among the three identified source parameters, the identification 

error of the release time tends to rise obviously in response to the increase in pollution sources. 

Subsequently, an integrated inverse modeling system with a graphical user interface is established 

based on the three developed inverse modeling approaches, and its efficiency is tested through case 

studies. In conclusion, the integrated system can serve as a helpful tool for source identification, 

model validation, and pollution prediction in the assessment and management of emergency 

pollution incidents. 
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CHAPTER 1 INTRODUCTION 

1.1 Background 

River pollution is considerably increased as a result of rapid industry and urbanization (Ghane 

et al., 2016). Industrial wastewater discharges, unintentional accidents, and illegal emissions have 

a detrimental impact on ecosystems, human health, and the security of water distribution networks 

(Li et al., 2016). An effective technology is needed to correctly identify the source of pollution, 

which can help with developing quick cleanup strategies and looking into the accountability or 

obligation of emitters (Cheng and Jia, 2010). In the early stage of a pollution incident, the source 

information (e.g., release location, release time, and emission mass) is unknown, and downstream 

observation data are often limited due to insufficient river monitoring networks (Wu et al., 2020). 

Hence, it might be a challenge to make cleanup or management decisions when sources of pollution 

are unable to be identified. 

Recently, inverse models have been developed and applied to estimate the pollution source 

information in groundwater and atmospheric environments based on the limited time-series data of 

concentrations observed at monitoring sites (e.g., Isakov and Kindermann, 2000; Hutchinson et al., 

2017). Existing inverse models can be classified into three main categories: (1) optimization 

methods, (2) probabilistic methods, and (3) direct methods.  

The optimization methods use the deterministic solution to solve the issues related to source 

parameters (Singh and Rani, 2014; Hutchinson et al., 2017). These traditional optimization 

methods based on mathematical programming are one of the earliest methods for solving source 
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problems, such as least squares (LS) (Alapati and Kabala, 2000), gradient descent (GD) (Addepalli 

et al., 2011), and the Nelder-Mead simplex method (N-M simplex) (Zeunert and Meon, 2020). 

However, the traditional optimization methods rely on local searching techniques and reasonable 

initial assumptions, which might fall to a local minimum when applied in a non-convex solution 

space. To overcome the limitation of traditional optimization methods, metaheuristic optimization 

methods are emerging as popular tools used for source identification (Maier et al., 2014). As a 

metaheuristic method, the genetic algorithm (GA) method can search solution space globally (Ma 

et al., 2013). Zhang and Xin (2017) adopted the GA method to identify the mass or locations of 

multiple point-source pollutants in rivers. However, the inverse models based on optimization 

methods do not consider observation errors, model structures, or other uncertainty factors. Thus, 

the deterministic solution identified by optimization methods are incapable of analyzing the 

identification uncertainty during the source identification process (Tang et al., 2010; Cantelli et al., 

2015).  

The probabilistic method is another widely applied inverse method that can quantify the 

identification uncertainty by obtaining posterior probability distributions of source parameters 

instead of deterministic solutions from optimization methods (Hutchinson et al., 2017).  One of the 

profound examples of the probabilistic approach is the Markov chain Monte Carlo (MCMC) 

method which transforms the source identification problem to the estimation of posterior 

probability distributions (Liang et al., 2016). The basic MCMC algorithm is the Metropolis-

Hastings (MH) algorithm, which was proposed by Hastings (1970) to obtain random solution 

samples with stable frequencies from a probability distribution. The DiffeRential Evolution 

Adaptive Metropolis (DREAM) algorithm is a novel MCMC algorithm that performs better than 

the MH algorithm in sampling from multi-target and highly nonlinear distributions (Vrugt, 2016). 
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The DREAM algorithm has been successfully used to calibrate model parameters in recent years, 

so the simulated pollutant concentrations fit the observation data (Han and Zheng, 2018; Zhang et 

al., 2018; Wu et al., 2020). However, whether the DREAM algorithm can efficiently identify 

sources in case of sudden river pollution incidents is still unknown. Instead of using quantified 

source identification, the direct approaches can use backward solving of governing equations in 

time to estimate the release concentration plumes of pollutants (Bieringer et al., 2017). However, 

the estimation process is time-consuming and needs sufficient information on boundary conditions 

and concentration data (Li et al., 2016). 

Previous studies mainly focus on groundwater and atmospheric environments (Skaggs and 

Kabala, 1994; Allen et al., 2007; Singh and Rani, 2014; Zhang et al., 2015; Ayvaz, 2016). In order 

to solve river pollution, several studies have been carried out on single instantaneous point source 

(IPS) problems (Cheng and Jia, 2010; Mazaheri et al., 2015; Ghane et al., 2016; Yang et al., 2016; 

Jing et al., 2019). In contrast to source identification for instantaneous pollution, only a few studies 

have attempted to infer a continuous point source (CPS) or multi-point source (MPS) (Jiang et al., 

2018; Wang et al., 2018; Jing et al., 2020). Therefore, it is essential to develop an inverse model 

that can identify point sources and reconstruct incidents in rivers. Moreover, most past studies did 

not consider the uncertainty issue that causes hindrance in obtaining estimates of incidental point 

pollution sources. Also, it is challenging to monitor the pollution plume in the field and track the 

contaminants' fate and transport mechanism in rivers. For example, the channel topography and 

hydrological regime vary significantly in rivers, introducing various uncertainties into inverse 

models (Wang et al., 2019). Usually, parameters in the inverse model are considered as constant 

values obtained from historical literature, tracer tracking methods, and empirical formula methods 

(Jia et al., 2018). Therefore, the accuracy of an inverse model is largely influenced by many factors, 
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including model parameters, observed data, pollution release types, and model structures (Tasdighi 

et al., 2018). 

Consequently, the development of an integrated inverse modeling system for source 

identification in river pollution incidents is proposed in this study. The proposed system is then 

applied to case studies with complex scenarios of pollution release (i.e., IPS, CPS, and MPS). The 

system integrates an inversion module, a validation module, and a prediction module. The inversion 

module is established based on the inverse modeling approach, consisting of the water quality 

model and the probabilistic method to identify source parameters. The identification uncertainty of 

the inversion module is analyzed on the basis of output posterior probability distributions of source 

samples. The influences of model parameters, model structure, and observation errors on 

identification results are determined based on a comprehensive sensitivity analysis. The validation 

module tests the feasibility of the inversion module by comparing observed data with simulated 

data. Subsequently, the prediction module is implemented to provide simulation data of 

downstream pollutant concentrations for downstream pollution warning. Moreover, the system has 

a single graphical user interface with functions for result visualization and data output. 

1.2 Research Objectives 

The main objective of this study is to develop an integrated inverse modeling system for source 

identification in river pollution incidents. In this system, inverse modeling approaches with 

uncertainty quantification, model validation, and pollution prediction are integrated for IPS, CPS 

and MPS identification, respectively. Specifically, this thesis has the following objectives: 

1)  To develop an inverse modeling approach for IPS identification. The inverse modeling 
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approach is developed based on the MH algorithm, which helps in the water quality simulation for 

source estimation and uncertainty quantification. And the MH-based IPS approach is compared 

with the GA-based IPS approach. The applicability of the developed approach is explored through 

two cases with a systematic comparison and field validation analysis. 

2) To develop an inverse modeling approach for CPS identification. The DREAM algorithm 

is integrated into the inverse modeling system to improve identification performance and 

uncertainty quantification. Moreover, two case studies are used to compare the DREAM-based 

CPS inverse modeling approach with the MH-based and the GA-based analysis for the CPS 

identification. Also, a comprehensive sensitivity analysis of the DREAM-based CPS inverse 

modeling approach is extended to more influencing factors, such as observation error, monitoring 

interval time, spatial monitoring form, prior range of source parameters, and model parameters. 

3) To develop an inverse modeling approach for MPS identification. The DREAM algorithm 

is applied to identify single-point, two-point, and three-point sources and uncertainty quantification. 

And a comprehensive sensitivity analysis of the influences of observation errors, monitoring 

interval time, spatial monitoring form, prior range, and model parameters on identification 

performance is conducted. Firstly, the effectiveness and accuracy of the inverse modeling approach 

are examined for MPS identification in a hypothetical case. Secondly, a comparison of the 

DREAM-based MPS inverse modeling approach is made with the MH-based MPS inverse 

modeling approach using real-time data of a river case study. 

4) To establish an integrated inverse modelling system by combining IPS, CPS, and MPS 

methods.  A graphical user interface is developed for an integrated inverse modelling system for 



6 

 

source identification, model validation, and pollution prediction in river incidents. The 

effectiveness of the interface system can be tested through case studies under representative 

scenarios. 

1.3 Thesis Organization 

This thesis is organized into eight chapters as shown in Figure 1-1. 

Chapter 1 introduces the research background of inverse models for source identification, 

states the research problems, and specifies the research objectives. 

Chapter 2 states the ill-posedness of inverse models and provides a literature review regarding 

the existing inverse methods, including optimization, probabilistic, and direct methods. 

Chapter 3 describes the methodologies for developing an integrated inverse modeling system 

for source identification in river incidents. The system integrates three independent modeling 

approaches for IPS, CPS, and MPS identification. The forward water quality model is embedded 

in the modeling approach to express the relationship between the source parameters and 

downstream pollutant concentrations in rivers. In addition, this chapter introduces sensitivity 

analysis, uncertainty analysis, and evaluation indices used in the approach. 

Chapter 4 represents the implementation of the IPS inverse modeling approach. This IPS 

approach is developed based on the MH method. This approach is applied to a hypothetical case 

and validated by a real case study of incidents to identify source parameters with uncertainty 

quantification. Sensitivity analysis is conducted to determine significant factors for identification 
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results. Furthermore, the MH-based approach is compared with the GA-based approach.  

Chapter 5 depicts the implementation of the CPS inverse modeling approach. The DREAM 

algorithm is used to develop this CPS approach with uncertainty concerns. The feasibility of the 

DREAM-based CPS approach is explored through a hypothetical case study and a field tracer case 

study. Moreover, the DREAM-based approach is comprehensively compared with the MH-based 

and GA-based approaches in terms of accuracy, computation time, robustness, and reconstruction 

properties. In addition, influences from observation error, monitoring time interval, spatial 

monitoring form, prior range of source parameters, and model parameters on identification results 

are discussed. 

Chapter 6 depicts the case studies of the MPS inverse modeling approach, which uses the 

DREAM algorithm for source identification and quantification of uncertainties. The performance 

of the DREAM-based MPS approach is evaluated by a hypothetical case study and a field case 

study. The approach validation is presented by comparing the DREAM-simulated and observed 

concentrations. Additionally, this chapter introduces a comprehensive sensitivity analysis. 

Chapter 7 describes the establishment of an integrated inverse modeling system with a 

graphical user interface.  Three independent modules for IPS, CPS, and MPS inverse modeling 

approaches based on the DREAM algorithm are embedded in the system. The application of the 

interface in case studies is presented to evaluate the performance of the inversion, validation, and 

prediction functions in each module. 

Chapter 8 summarizes the conclusions and contributions and presents the recommendations 

for further research. 
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Figure 1-1 Thesis organization  
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CHAPTER 2 LITERATURE REVIEW 

2.1 Inverse models for source identification in river 

2.1.1 Overview 

In river pollution incidents, point source pollutants from industrial wastewater or accidental 

spills are released, leading to considerably longer-term adverse environmental effects, such as 

benzene pollution incident released into Songhua River in China (Li et al., 2016; Rad and Fazlali, 

2020). Source identification is critical in the assessment and management of emergency pollution 

incidents (Yao et al., 2015). However, source identification at the early stage of an incident is 

difficult because automatic monitoring network systems for water pollutants have not been entirely 

established in every river network. 

When source characteristics (e.g., mass, release location, and release time) are known, 

understanding the spatial and temporal distributions of pollution concentrations by solving a water 

quality model is known as the óóforward problemôô. On the other hand, pollutant source information 

is identified based on a limited number of observed concentration data, which is known as an 

ñinverse problemò (Zhang and Xin, 2017).  



10 

 

 

Figure 2-1 Forward and inverse models of pollutant transport 

2.1.2 Ill-posedness of inverse models 

Pollutants are transported fast because of the strong advection in rivers and farther, resulting 

in challenges in detecting pollution plume for the source identification, and computational 

uncertainty in the numerical solution. The inverse problem for identifying pollution sources is 

challenging because it is a typical ñill-posed problemò as there is not exact solution, rather struggle 

to find the best possible solution. Therefore, the solutions to the ill-posed problem are nonunique, 

nonexistent, or unstable (Hadamard, 1923; Moghaddam et al., 2021). Uncertainties in the surface 

water environmental system are the main cause of the ill-posedness of inverse models for 

identifying pollution sources in rivers. First, only a limited number of observed concentrations at 

monitoring sites are accessible for source identification, which may cause the under-determined 

problem of solutions from the inverse model. Second, the observation errors from the monitoring 

process due to the pollutant transport and fate in rivers also contribute to the ill-posedness of inverse 

models because this transport process gradually smooths the pollutant plume (Skaggs and Kabala 
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1998). Following are some inverse methods that have been proposed in previous studies to deal 

with these ill-posed problems for achieving stable and efficient solutions of source information in 

river incidents. 

2.2 Inverse methods 

In the past two decades, three main classes of inverse methods have been applied for pollutant 

source identification in environmental problems, including optimization, probabilistic, and direct 

methods. In general, the focus is on the inverse inference of pollution sources in atmospheric and 

groundwater environments (Skaggs and Kabala, 1994; Allen et al., 2007; Singh and Rani, 2014; 

Zhang et al., 2015; Ayvaz, 2016). Several approaches have been conducted for pollution source 

identification in surface waters (Mazaheri et al., 2015; Yang et al., 2016; Jing et al., 2019). 

2.2.1 Optimization methods 

Optimization methods aiming to find optimal solutions to the parameter combination (e.g., 

source mass, release location, and release time) (Alapati and Kabala, 2000; Michalak and Kitanidis, 

2004; Zhang and Xin, 2017). The optimal solutions are assumed to be the deterministic estimators 

of source parameters and to minimize errors between the calculated and observed data. The 

calculated data are obtained from a forward water quality model by inputting the identified source 

parameters. And the observed data are obtained from field monitoring. Most optimization methods 

search for the optimal parameter combination through an iteration process, where the difference 

between the calculated and observed data is minimized based on different update rules and prior 

estimations to generate new solution candidates for the parameter combination (Hutchinson et al., 

2017). In general, as shown in Figure 2-2, there are three categories of commonly used optimization 
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methods for source identification: traditional methods, metaheuristics, and hybrid methods.  

 

Figure 2-2 The classification chart of optimization methods 

Traditional optimization methods obtain optimal solutions of cost functions based on 

mathematical programming (e.g., gradient and derivative), including least squares (LS)-based, 

gradient descent (GD)-based, Newton, and quasi-Newton, conjugated descent (CD), NelderïMead 

(N-M) simplex, and pattern search (PS) methods (Gorelick et al.,1983; Alapati and Kabala, 2000; 

Singh and Rani, 2014; Jing et al., 2018). It is computationally more efficient for simple linear 

models to obtain a deterministic solution by using the LS method. While, for nonlinear models or 

multivariate solutions to water resources problems, most optimization methods employ an iterative 
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process to improve computational efficiency. The GD-based methods iteratively obtain optimal 

values of source parameters by updating the estimators in the opposite direction of the gradient of 

the cost function (Sharma, 2018). However, the convergence rate of the GD-based methods can 

slow down as it approaches the optimal value. The CD, Newton and quasi-Newton methods 

overcome the limitation of the GD-based methods and obtain reliable solutions to nonlinear 

problems more quickly (Dai and Yuan, 2000). The NM simplex method is an unconstrained 

optimization method and can get optimal values without gradient information (Wang and Shoup, 

2011).  

However, traditional optimization methods largely rely on sufficient prior information and 

reasonable initial estimate. Thus, they may infer poor solutions of source parameters because they 

drop into a local minimum when applied to solve complex inverse source problems (Addepalli et 

al., 2011; Hutchinson et al., 2017).  In recent decades, metaheuristics have been widely used in the 

field of environmental resources for source identification (Maier et al., 2014). Metaheuristics 

combines different intelligent concepts to explore and exploit the search space by iteration 

processes (Zufferey, 2012). Metaheuristics can be classified into two categories, including single 

point-based methods for local searching (e.g., simulated annealing (SA), tabu search (TS), simple 

(1+1) evolutionary strategies (SES), and hill-climbing algorithm (HCA), etc.) and population-

based methods for global reaching (e.g., GA, evolutionary algorithm (EA), particle swarm 

optimization (PSO), ant colony optimization (ACO), etc.). Similar to the traditional optimization 

methods, most single point-based methods are easily trapped into local optimization because 

solution candidates are updated based on local optimization strategies.  

To overcome the limitation of traditional optimization methods and single point-based 
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metaheuristics, population-based metaheuristics can prevent interference from poor initial 

estimates of source parameters based on global searching techniques. Thus, population-based 

metaheuristics as popular tools have been applied for pollution source identification in the field of 

environmental problems. As a popular population-based metaheuristic, the GA method is used for 

source identification because it has powerful robustness and capability for global searching (Haupt 

et al., 2008; Khlaifi et al., 2009; Long et al., 2010; Ma et al., 2013). The process of the GA method 

can be summarized by four main steps, including selection, reproduction, crossover, and mutation.  

Cantelli et al. (2015) efficiently inferred positions and the emission rates of up to three different 

unknown sources of atmospheric pollution. Whereas Zhang and Xin (2017) adopted the GA method 

to infer source mass or locations of multiple point pollutants in small straight rivers. 

Although global optimization methods can rapidly find the region where the globally optimal 

solution exists, they take a longer time than local optimization methods to output the locally optimal 

solution during the late evolution (Maier et al., 2014). Thus, hybrid optimization methods are 

proposed to overcome the limitations of local and global optimization methods.  Zheng and Chen 

(2011) combined the GA and PS methods to identify hazardous chemical releases in atmosphere. 

In the first step, the GA algorithm was applied for global searching to produce an adequate initial 

solution that can be used in the PS method. Then, the PS method identified the accurate location 

and strength of a pollution source with the initial solution from the GA method. The accuracy and 

computational time of this hybrid method are improved compared to the original GA method and 

the original PS method. Moreover, Ma et al. (2013) discussed how various optimization techniques, 

such as GA, SA, PS, N-M simplex, and their hybrid optimization techniques (i.e., GA-PS, GA-

NM, SA-PS, SA-NM), performed for gas pollution source identification. The result shows that the 

GA-PS hybrid method has the best performance in terms of identification accuracy in the location 
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and source strength. Additionally, the initial estimates of the source parameters have a significant 

impact on the solutions of the PS and N-M simplex methods. 

Although the optimization methods have been used extensively for source identification in the 

environmental field, they are limited as the observation errors or other uncertainty factors are not 

considered when the inverse model is constructed (Tang et al., 2010; Datta et al., 2011; Wang and 

Jin, 2013). The observation errors may cause uncertainty in identification source results. Thus, the 

deterministic solutions inferred by the optimization method cannot quantify the uncertainty during 

the identification process (Hazart et al., 2014; Cantelli et al., 2015). 

2.2.2 Probabilistic methods 

The probabilistic methods can reflect uncertainty by outputting probability distributions of 

unknown parameters instead of a deterministic solution from the optimization method (Yustres et 

al., 2012; Hutchinson et al., 2017). It is popular in source estimation and uncertainty analysis. The 

observation errors, model errors, prior information and other factors may lead to identification 

uncertainty. These uncertain factors are considered by quantifying the uncertainty in solutions from 

the inverse model based on the probabilistic methods (Bagtzoglou and Atmadja, 2005; Hazart et al. 

2014). The probabilistic methods are varied in the sampling methods and update schemes to 

improve computational efficiency, solution accuracy, and robustness. There are two main groups: 

one is based on Bayesian theory (Wang and Zabaras, 2006; Zhu et al., 2021), and another is based 

on backward probability theory (Neupauer and Wilson, 2003; Wang et al., 2018). The classification 

chart of the probabilistic methods is shown in Figure 2-3. 
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Figure 2-3 The classification chart of probabilistic methods 

The Backward probability method (BPM) was proposed by Liu (1995). It was firstly applied 

for source identification in solving groundwater problems (Liu and Wilson, 1995; Michalak and 

Kitanidis, 2004) and has been extensively used for dealing with inverse source problems in surface 

waters (e.g., Cheng and Jia, 2010; Ghane et al., 2016; Wang et al., 2018). The BPM contains two 

concepts (i.e., Backward Location Probability (BLP) and Backward Travel Time Probability 

(BTTP)) to estimate the release location and time of a pollutant source. The BLP gives the prior 

assumption of the release location of the pollutant plume, whereas the BTTP infers the release time 

of the pollution source, given that the release location is available (Ghane et al., 2016). Cheng and 
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Jia (2010) tested the efficiency and effectiveness of the BPM to estimate the release location and 

time of a pollution source through application in real and hypothetical cases in surface waters. The 

BPM based on the adjoint analysis was efficiently applied by Ghane et al. (2016) to identify the 

release location and release time within a complex river network. Moreover, Wang et al. (2018) 

developed a new approach by combining the BPM and the linear regression method to 

simultaneously identify release mass, location and time of multi-point sources in surface waters. 

In Bayesian-based methods, all unknown source parameters are considered as random 

variables. The Bayesian method consists of three main processes (Malve and Qian, 2006): (i) 

formulate the prior probability distribution for unknown source parameters; (ii) specify of the 

likelihood function; and (iii) sample for the Bayesian posterior probability distribution. The 

Bayesian posterior probability distributions are derived from the prior distribution and observed 

information based on the Bayes theorem (Gill, 2014). Then the solutions in the form of probability 

distribution functions are obtained through the stochastic sampling method from the Bayesian 

posterior distributions of unknown source parameters (Vrugt, 2016). However, it is a challenging 

task to sample from the Bayesian posterior distributions for numerical summarization of unknown 

source parameters. Most sampling methods are developed based on Monte Carlo (MC) methods 

(Vrugt et al., 2003). The MC methods can sample randomly from the Bayesian posterior 

distributions to obtain the numerical summary of posterior probability distributions for unknown 

parameters from the samples. However, the standard Monte Carlo (SMC) method can only solve 

low-dimensional problems and are computationally inefficient for complex and high-dimensional 

source problems (Jing et al., 2018). Thus, efficient sampling techniques (i.e., the MCMC methods) 

are employed to generate samples from the Bayesian posterior distribution for source identification 

(Liang et al., 2016; Jiang et al., 2019). Jing et al. (2018) applied the MCMC method to two 



18 

 

numerical case studies to identify contamination sources in rivers. Although the error of the inverse 

model is small, the applicability of the model to be used in real-world cases of river pollution 

incidents is unknown. 

As the earliest MCMC sampling method, the random walk Metropolis (RWM) method was 

proposed by Metropolis et al. (1953). Many existing MCMC algorithms are extended from the 

selection rule of the RWM algorithm. The famous MH method was extended from the RWM 

method, which was introduced by Hastings (1970) to produce solutions from a stationary posterior 

distribution that have stable frequencies. Yang et al. (2016) employed the MH algorithm to estimate 

release mass and location when the release time is known and found that the relative error of the 

identified release location based on the MH algorithm reached 8.90% for two-point sources in a 

trapezoidal channel. The reason for errors can be that the choice of the proposal distributions has a 

significant impact on the efficiency of the MH method.  

To further improve sampling efficiency, the single-chain methods (e.g., adaptive proposal (AP), 

adaptive Metropolis (AM), and delayed rejection adaptive metropolis (DRAM) methods) and 

multiple-chain methods (e.g., Shuffled Complex Evolution Metropolis algorithm (SCEM-UA), 

Differential evolution Markov chain (DE-MC), and DREAM methods) have been proposed to 

adapt the proposal distributions automatically (Haario et al., 1999; Haario et al., 2001; Haario et 

al., 2006; Ter Braak, 2006; Vrugt et al., 2008; Vrugt et al., 2009). The proposal distribution relates 

to generation of candidates of source parameters. Although the single-chain methods have 

increased efficiency for high-dimensional problems, they may not adequately explore search space 

for the target posterior distribution. Multiple-chain methods perform better than the single-chain 

method because they run parallelly on different trajectories. The multiple-chain methods perform 
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well in dealing with complex environmental problems for multimodal target distributions because 

of their multiple chains and automatic tuning of proposal distributions (Vrugt et al., 2009; Laloy 

and Vrugt, 2012; Wu et al., 2020; Fan et al., 2021). And they can prevent premature convergence 

and use statistical indicators to evaluate whether the convergence has been achieved (Gelman and 

Rubin, 1992). As an up-to-date multiple-chain method, Vrugt et al. (2008) proposed the DREAM 

approach, which is improved on the DE-MC method.  The DREAM method has been successfully 

used to calibrate model parameters in recent years, so the simulated pollutant concentrations fit the 

observation data (Han and Zheng, 2018; Zhang et al., 2018; Zhang et al., 2020). However, it is still 

unknown whether the DREAM method can efficiently identify sources in case of river pollution 

incidents.  

2.2.3 Direct methods 

The direct method solves inverse model equations based on numerical or analytical 

calculations. The direct method can provide accurate and unique results (Moghaddam et al., 2021). 

Various direct methods have been proposed to overcome limitations of stability issues based on the 

advanced computer system. Commonly employed methods include Quasi-reversibility, 

regularization and stabilization, space marching finite difference, sobolev equation, minimum 

relative entropy, Fourier series-based, backward beam equation, marching-jury backward beam 

equation, and radial basis collocation methods (RBCM) (Atmadja and Bagtzoglou, 2001). The list 

of direct methods is shown in Figure 2-4. However, most studies have applied direct methods to 

identify pollution sources in groundwater environments (Bagtzoglou and Atmadja, 2005). Only a 

few studies have been conducted to address source issues in river incidents. Li et al. (2016) applied 

the global space-time RBCM to reconstruct the release history of a single pollutant point in 
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advection-dominated rivers. However, its estimation process is more complicated and needs 

enough observed information (e.g., boundary condition, concentration data). In addition, it is a 

challenging task for the direct methods to handle stability issues of source solutions. 

 

Figure 2-4 The list of direct methods 

2.3 Summary 

In this chapter, different inverse methods are studied as well as their advantages and 

disadvantages in the parameter estimation by using limited observed concentrations. Optimization 

methods are simple and applied widely for estimating parameters inversely. However, traditional 

optimization methods and single point-based metaheuristics can become stuck in an incorrect local 

convergence when the initial value of source parameters is unsuitable. And the optimal value 
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estimated by optimization methods cannot quantify the influences of uncertainty factors on 

identification results. Although direct methods can reconstruct the release history, the estimation 

process is more complicated and unstable and need enough observed information. The key 

advantage of the probabilistic method is the generation of posterior probability distributions that 

can be used to estimate parameter values and their associated uncertainties. While it is unknown 

whether probabilistic methods can be applied for source identification in real river incidents or not. 

Previous inverse models for source identification are mainly developed for atmospheric and 

groundwater source identification. Only few studies focus on surface water problems. In addition, 

previous studies in surface waters are mainly verified by synthetical data due to the lack of real 

data. 
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CHAPTER 3 METHODOLOGY 

For overcoming the limitations and challenges mentioned in Chapter 2, an integrated inverse 

modeling system will be developed for source identification in river pollution incidents. Three key 

developments, including independent inverse modeling approaches for IPS, CPS, and MPS 

identification and their uncertainty quantification and sensitivity analysis, will be introduced in the 

following sections 3.1, 3.2 and 3.3. After accomplishing these three approaches and applying them 

to the integrated inverse modeling system, this system will be employed for source identification, 

model validation, and pollution prediction, which is crucial in supporting decision-making for 

managing river pollution incidents. 

3.1 An inverse modeling approach for IPS identification 

3.1.1 Overview 

Herein, an inverse modeling approach based on the MH method is developed for IPS 

identification in river pollution incidents with a quantification of uncertainties. As depicted in 

Figure 3-1, the MH-based IPS inverse modeling approach is developed to estimate the posterior 

probability distributions of source parameters (including source mass (M0), release time (T0), and 

location (X0)) with further uncertainty analysis. Subsequently, a water quality model is included in 

the developed approach as a mechanism for assessing the source and concentration responses in 

rivers. In addition, the mean estimated value results from the MH-based IPS approach is compared 

to the optimal solution from the GA-based IPS approach. Then, the developed MH-based IPS 

approach is examined through two case studies. The input-output pairs (i.e., model parameters-
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source parameters pairs) are analyzed to classify the model parameters (including the cross-

sectional area of the river (A), the dispersion coefficients in the x-direction (Dx), the river velocity 

in the x-direction (Ux), and the decay coefficient of the pollutant (K)) as significant or insignificant 

based on the standardized regression coefficients (SRC) method in the sensitivity analysis. The 

influences of variation (-10 % and +10 %) effect of model parameters are further quantitatively 

assessed. 

 

Figure 3-1 Flowchart of the IPS inverse modeling, sensitivity analysis, and method comparison 

3.1.2 Forward water quality simulation 

In this study, the sudden water pollution incident in rivers is taken as an example to develop 

an inverse model for source identification. The pollutant is assumed to be instantaneously 

discharged from source points into rivers. In the literature regarding source identification in river 
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incidents, the pollutant transport process in rivers is often simplified by using the one-dimensional 

(1D) advectionïdispersion equation, and only an infinite domain in the longitudinal flow direction 

is considered (Ghane et al., 2016; Yang et al., 2016; Zhang and Xin, 20117; Jiang et al., 2018; Wang 

et al., 2018; Wang et al., 2019). The equation can be applied to narrow and shallow rivers because 

the pollutant is assumed to be immediately mixed in the lateral and vertical direction in rivers 

(Zeunert and Meon, 2020). In the developed inverse model, the pollutant transport process is also 

simulated by the 1D advectionïdispersion equation to examine the inputïoutput feedback 

mechanism, initial and boundary conditions expressed as follows (Wang and Shen, 2005; Yang et 

al., 2016; Wang et al., 2018; Wang et al., 2019): 
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 (3-1) 

where C is the pollutant concentration (g/m3), t is the time since release (h), x is the distance along 

longitudinal direction (m); Dx, is the dispersion coefficient along x direction (m/ h2); Ux is the river 

velocity along x direction (m/h); K is the decay coefficient (1/h); M0 is the spill source mass (g);  A 

is the cross-sectional area of the river (m2); ŭ is the Dirac function; and S is the sourceïsink term 

(g/(h. m3). 

When pollution sources (i.e., source mass, release time, and location) are known, solving 

Equation (3-1) to simulate pollutant concentrations is known as the óóforward problemôô. In the 

ñforward problemò, the numerical transport model can be applied to describe the pollutant transport 

process considering the time and spatial variation of hydrodynamic parameters in rivers. However, 
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in the ñinverse problemò, the pollution sources are unknown and identified based on the inverse 

model by using observed pollutant concentrations. The information of sources and river topography 

is insufficient to determine the polluted section in a river where an incident occurs. Therefore, the 

time and spatial variation of hydrodynamic parameters in rivers are ignored in the inverse process. 

For source identification in a sudden pollution incident, the flow is assumed to be uniform and 

steady, and the parameters Dx, Ux, K, and the cross-sectional area of the river, A, are taken as 

constant coefficients (Yang et al., 2016; Wang er al., 2019; Zeunert and Meon, 2020; Jiang et al., 

2021). Most river pollution incidents are instantaneous with point pollution sources. The fate and 

transport model, as described in Equation (3-1), is simplified as the 1D river quality model to be 

tested in the proposed inverse modeling methods (Jing et al., 2019): 
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where Cs is the simulated pollutant concentration (g/m
3); T0 is the release time (h); X0 is the release 

location (m); xm is the longitudinal distance from the monitored site (m); and tm is the monitored 

time (h). 

For a pollution release, the length required to attain complete lateral mixing is as follows 

(Fischer and Ladner, 1979; Chapra, 2008): 
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where Lm is the lateral mixing length (m); W is the average river width (m); and Dy is the dispersion 
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coefficient in the lateral direction (m/ h2). 

3.1.3 Metropolis-Hastings (MH) algorithm and uncertainty analysis 

In this approach, the MH method is utilized to establish the posterior probability distribution 

of unknown source information (i.e., M0, T0, and X0). Firstly, based on Bayesian inference, the 

posterior distribution of unknown source parameters is derived from the prior information and the 

time series of observed concentrations (Gill, 2014). However, it is challenging to summarize the 

Bayesian posterior distribution analytically. Thus, the MCMC algorithm is used to sample from the 

Bayesian posterior distributions for numerical summarization (e.g., posterior probability 

distribution and mean value) of unknown source parameters. The Bayesô theorem is given as (Gill, 

2014): 

ὖ—ȿὣ
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ὖὣ
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where P(ɗ|Y) is the posterior probability distribution of target source parameters (ɗ=M0, T0, and X0) 

given the observed contaminant data (Y=C); P(ɗ) is the prior probability distribution of the source 

parameters; P(Y|ɗ) is the likelihood function of observed values given ɗ. P(Y) is a normalizing 

constant value of the likelihood function over the parameter distribution. 

The observed concentration (Y=C) is taken as the simulated concentration Cs estimated by 

Equation (3-6) with the random observation error Ů (Liu et al., 2008): 

ὣ ὅ ‐ (3-6) 
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where Ů is the error term following a normal distribution N (0, ů2). The variance ů2 is considered to 

follow a standard non-informative diffuse inverse-Gamma distribution (0.1, 0.1) (Shen and Zhao, 

2010). The likelihood function is given by (Shen and Zhao, 2010): 
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where n is the number of observed concentrations.  

The MH-based IPS inverse modeling approach developed in this study includes five main steps 

as shown in Figure 3-1: i) preparation of input values of model parameters and collection of prior 

information for the unknown source parameters; ii) simulation of the pollutant concentrations 

based on the forward water quality model in Equation (3-2); iii) calculation of the likelihood 

function results in Equation (3-7) based on the observed concentrations and simulated 

concentration; iv) MH sampling from the Bayesian posterior distributions of pollution source 

parameters (i.e., M0, T0, and X0) in Equation (3-5) (Malve and Qian, 2006), and the MH algorithm 

can generate a random walk through the prior range of unknown parameters and achieve a stable 

frequency from the target posterior distribution (Vrugt, 2016); v) returning to step ii) until 

simulation result reaches convergence when the Monte Carlo error for each source parameter is 

below 5 % of the sample standard deviation. The Monte Carlo error is defined as the standard 

deviation of the samples divided by their sample size to measure the accuracy of the sample chain 

(Spiegelhalter et al., 2003). The upper limit of the prior range of source parameters is determined 

as two times of the true value of source parameters and the lower limit is set as zero in this study 

(Wu et al., 2020; Zeunert and Meon, 2020). Meanwhile, the MH method can be employed for 
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uncertainty analysis because the method quantifies uncertainties and generates outputs as posterior 

probability distributions rather than a deterministic value. In this study, a unimodal posterior 

probability distribution is used for uncertainty analysis (Jia et al., 2018). That is, if the posterior 

probability distribution is represented unimodally like a normal distribution, a parameter can be 

identified with a small amount of uncertainties. If the posterior probability distribution is 

represented as non-peak distribution or multimodal posterior probability distribution, then a 

parameter cannot be identified with a significant amount of uncertainties. 

3.1.4 Genetic algorithm (GA) 

The GA method aims to find the deterministic values of the parameter combination that 

minimizes the cost function by reducing the deviations of the observed concentration values and 

simulated values (Cantelli et al., 2015). Three unknown source parameters (i.e., M0, T0, and X0), 

are determined. The cost function of the GA method is expressed here as follows (Ma et al., 2013): 

ÍÉÎὪ ὣ ὅ  

(3-8) 
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Each individual can only evolve towards the increasing direction of the objective function 

values based on the GA method. The optimal value of each individual changes in the decreasing 

order based on Equation (3-8). Therefore, the objective function is modified to express as the fitness 

function for estimating optimal values of the parameter combination (Tang et al., 2010): 
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The population size, iteration number, crossover rate, and mutation rate are required algorithm 

parameters for the GA method. The population size specifies the number of individuals in each 

generation. The crossover rate is the fraction of the next generation that crossover produces. The 

mutation rate controls the fractional addition of small random changes injected in the individuals. 

In this study, the population size, crossover rate, and mutation rate are taken with 50, 0.8, and 0.05, 

respectively (Zhang et al., 2009; Zhang and Xin, 2017). As shown in Figure 3-1, there are seven 

steps of the GA inverse modeling method : i) input preparation: the algorithm parameters, prior 

information, and concentration monitoring data are collected; ii) model initialization: a defined 

population size of combination source parameters (i.e., M0, T0, and X0) is randomly generated from 

the obtained prior range; iii) water quality simulation: the simulated concentrations are generated 

based on the water quality model in Equation (3-2); iv) GA simulation: simulation runs until either 

iterations reach the given maximum number, otherwise the simulation goes to Step v) for the 

generation of new individuals through selection, crossover, and mutation. The GA method 

terminates when the average change in the fitness function value is less than the function tolerance 

value defined as 1Ĭ10-6 (Cantelli et al., 2015); v) selection and reproduction: the observed values 

and simulated values are input into Equation (3-9) to calculate the fitness function value. It is 

defined that 5 % of the population size with high fitness function values are retained for 

reproduction; vi) crossover: two fit population individuals are linearly recombined, producing a 

new individual of the population; vii) mutation: a new generation of individuals by chromosome 

mutations in individuals is generated to provide genetic diversity and enable the genetic algorithm 

to search a broader space.  
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3.1.5 Sensitivity analysis 

Both forward and inverse modeling results are sensitive to the model parameters (i.e., A, Dx, 

Ux, and K) in the water quality model (Equation (3-2)) (Paliwal et al., 2007; Jiang et al., 2018). In 

this study, the SRC method that combines Latin hypercube sampling (LHS) and stepwise regression 

analysis is implemented to determine whether one independent variable (i.e., A, Dx, Ux, and K) is 

significant or insignificant for the dependent variable (i.e., M0, T0, and X0) in the inverse modeling 

approach.  

The pre-determined range of every model parameter is set to vary Ñ20 % from true values 

following a uniform distribution. The LHS sample100 pairs of model parameters from pre-

determined ranges. Then, 100 outputs of the identified mean values from the MH-based IPS 

approach and the unique optimal values from the GA-based IPS approach for three pollution source 

parameters (i.e., M0, T0, and X0) can be obtained, separately.  

Specifically, 100 input-output pairs dataset generated by the MH-based IPS approach, and 100 

input-output pairs dataset generated by the GA-based IPS approach are input into the stepwise 

regression method as the training dataset, respectively. Here, a linear relationship expressed as 

Equation (3-10) is assumed to explore relationships between input variables (i.e., A, Dx, Ux, and K), 

xj, and output variables (i.e., M0, T0, and X0), yô. The SRC in Equation (3-11) is taken as the 

sensitivity level when input factors have different measurement units for a normal standardization 

(Saltelli et al., 2004). The SRC ranges from - 1 to + 1. When the absolute value of the SRC is closer 

to 1, the dependent variable is more significant for the independent variable. A positive SRC 

signifies that the dependent variable increases with the independent variable. While a negative SRC 
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implies an inverse relationship. 

ώᴂ ὥ ὦὼ (3-10) 
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where j represents the input variable (i.e., A, Dx, Ux, and K), aj is the intercept value, bj is the 

regression coefficient, and SD is the standard deviation. An input variable can be entered into the 

stepwise regression model when its P-value is less than the given Alpha-to-Enter significance level 

(ŬE) = 0.05. An input variable is removed from the model when its P-value exceeds the given Alpha-

to-Remove significance level (ŬR) = 0.10. Besides, the variation (-10 % and +10 %) effect of model 

parameters is quantitatively assessed (Wei et al., 2016; Jiang et al., 2018). 

3.2 An inverse modeling approach for CPS identification 

3.2.1 Overview 

Herein, the inverse modelling approach based on the DREAM algorithm is for CPS 

identification in river incidents. As depicted in Figure 3-2, the DREAM-based CPS approach is 

used to determine the source parameters (including source strength (C0), X0, T0, and spill time (Ts)) 

with uncertainty quantification. A forward water quality model for continuous pollution release is 

applied to the inverse model to express the relationship between the source parameters and 

downstream pollutant concentrations in rivers. First, a hypothetical case is studied to evaluate the 

accuracy of the DREAM-based CPS approach. In addition, the developed approach is applied to a 

field tracer case to test its efficiency and practical applicability. In addition, the time series of 
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reconstructed concentrations at downstream monitoring sites are obtained based on the estimated 

values of the source parameters from the DREAM-based CPS approach. Moreover, the DREAM-

based CPS approach is comprehensively compared with the MH-based and GA-based CPS 

approaches in terms of accuracy, computation time, robustness, and reconstruction properties. 

Where, skill scores close to one are considered best performance. Furthermore, the key factors of 

the DREAM-based CPS approach are analyzed to classify them as significant or insignificant for 

the source identification results. 

 

Figure 3-2 Flowchart of the CPS inverse modeling, sensitivity analysis, and method comparison 
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3.2.2 Forward water quality simulation 

For continuous spills of pollutants, the spill can be maintained for a finite duration with 

constant release rate. The 1D advectionïdispersion equation to examine the inputïoutput feedback 

mechanism, initial and boundary conditions expressed as follows (Yang et al., 2016; Wang et al., 

2019): 
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 (3-12) 

where C is the pollutant concentration (g/m3), t is the time since release (h), x is the distance along 

longitudinal direction away from the source location (m); Dx, is the dispersion coefficient along x 

direction (m/h2); Ux is the river velocity along x direction (m/h); K is the decay coefficient (1/h); l 

is the length of the polluted river (m); and C0 is the initial concentration after mixing, known as the 

source strength (g/m3). 

For source identification of continuous release pollution, the flow is assumed to be uniform 

and steady, and the parameters Dx, Ux, and K are taken as constant coefficients (Yang et al., 2016; 

Wang er al., 2019; Zeunert and Meon, 2020; Jiang et al., 2021). First, the spill can be maintained 

for a finite duration, and the pollutant concentration can be calculated using Equation (3-13) 

(O'Loughlin and Bowmer, 1975). After the spill terminates, the downstream pollutant concentration 

can be calculated using Equation (3-14) (Runkel et al., 1996; Chapra, 2008). 
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where Cs is the simulated pollutant concentration (g/m3), Ts is the pollutant spill time (h), T0 is the 

pollutant release time after the spill is terminated (h); X0 is the pollutant release distance between 

the source site and the monitoring site (m), xm is the longitudinal distance from the monitoring site 

(m), and tm is the time since the first monitoring (h). 

3.2.3 DiffeRential Evolution Adaptive Metropolis (DREAM) algorithm and uncertainty 

analysis 

It is a challenging task to derive an analytical solution of P (ɗ|Y) for CPS identification due to 

complex transport and fate process and incereaseed amount of unknown source parameters. Thus, 

the DREAM algorithm is applied to the sample from P (ɗ|Y) for the numerical summarization of 

unknown source parameters. The mean values of the samples are considered as the estimated 

parameters. Moreover, the posterior probability distribution of the samples is used for uncertainty 
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quantification. In this study, the uncertainty of the identified parameters could be considered as low 

when its posterior probability distribution follows a unimodal distribution. The uncertainty of the 

identified parameters can be considered high when its posterior probability distribution follows a 

non-peak distribution or multimodal distribution (Jia et al., 2018). 

The DREAM algorithm runs multiple chains simultaneously to search the solution space 

globally (Vrugt et al., 2008). The process of the DREAM-based CPS inverse modeling approach is 

expressed as follows:  

i) The observed pollutant concentration data and model parameter values (i.e., Dx, Ux, and K) 

are prepared. The prior distributions, P(ɗ), of unknown source parameters follow uniform 

distributions. In real incidents, the prior ranges of unknown source parameters are determined 

based on information obtained during field surveys. In hypothetical cases, the prior ranges are taken 

as from zero to twice the true values of the source parameters (Wu et al., 2020; Zeunert and Meon, 

2020). 

ii) The initial values, ɗi, i = 1, é, N of unknown source parameters are generated from the 

prior range for N chains. 

iii) The initial values, ɗi, are input into Equations (3-13) and (3-14) to calculate the simulated 

pollutant concentrations, Cs
i. 

iv) The likelihood function, P(Y|ɗ) i, is generated based on the simulated concentrations, Cs
i, 

and observed concentrations, Yj. P (Y|ɗ)
 i is defined by Shen and Zhao (2010) as follows. 
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where m is the number of observed pollutant concentrations, and the observation noise, Ů, follows 

a normal distribution N (0, ů2). Then, the Bayesian posterior probability distribution, P (ɗ|Y) i, is 

obtained based on P (Y|ɗ) i and P (ɗ). 

v) The DREAM algorithm is applied to sample from P (ɗ|Y) i for unknown source parameters.  

vi) Chains with outliers are removed based on the interquartile range (IQR) statistics. 

vii) The  convergence diagnostic is checked for each parameter (Gelman and Rubin, 1992). 

If  for all parameters, the sampling is stopped, and the output results are obtained. 

Otherwise, the process is continued to Step ix). 

ix) New candidate values of unknown source parameters, ᶧi, are generated in chain i. 

Differential evolution is used for population evolution in the DREAM algorithm. Moreover, the 

Metropolis selection rule decides whether candidate values can replace the corresponding old 

values (Ter Braak, 2006). The detailed evolution equations can be found in Vrugt (2016). If the 

candidate values are accepted, the value in each chain is updated such that, ; otherwise, the 

old values ɗi are retained. Then, in Step iii), the simulated concentration data, Cs
i, are updated with 

the new candidate values. 
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3.2.4 Quantitative evaluation and model comparison 

Some indices have been defined to quantitatively evaluate the performance of the DREAM-

based CPS approach. Based on the skill scores defined by Long et al. (2010) and Ma et al. (2013), 

the accuracy of result skill, computation time skill, robustness skill, and reconstruction skill of 

models are comprehensively evaluated in this study. To eliminate diversity and obtain a stable 

performance, each inverse model is run 10 times. In addition, each skill score is normalized to a 

range of [0, 1]. A skill score close to one indicates that the model performance is better.  

The individual accuracy skill of each source parameter (i.e., location, strength, release time, 

and spill time) is modified based on the percent bias (PBIAS) of the estimated values.  

Ὓ ρ ὶ ȟ ὶ Ⱦὶ  (3-19) 

where Sk is the individual accuracy skill of each source parameter, k is the corresponding inverse 

model (i.e., DREAM, MH, and GA), rest, k is the average estimated value of the source parameter 

by the kth inverse model during 10 runs, and rreal is the real value of the source parameter. The 

average accuracy skill of the kth inverse model (SA, k) is defined as the mean value of the individual 

accuracy skills of the source parameters. 

Ὓȟ Ὓ ȟ  Ὓ ȟ Ὓ  ȟ Ὓ  ȟ Ⱦτ (3-20) 

where Slocation,k, Strength,k, Srelease timen,k, and Sspill time,k indicate the individual accuracy skills for location, 

strength, release time, and spill time of the source parameter, respectively.  

Based on the guidelines for PBIAS established by Moriasi et al. (2007), the reconstruction skill 
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is evaluated as 1) ñvery goodò if SRC, k Ó 0.90, 2) ñgoodò if SRC, k Ó 0.85, and 3) ñsatisfactoryò if SRC, 

k Ó 0.75; otherwise, the model performance is evaluated as ñunsatisfactoryò. 

Computation time is an important factor in treatment of pollutants from emergency spill 

accidents. The computation time skill score is calculated as 

Ὓ ȟ ρ ὝȟȾὝ  (3-21) 

where Ta, k is the average computation time of the kth inverse model over 10 runs and Tmax is the 

longest computation time among all inverse models. The coefficient of variation (CV) expresses 

the output stability of inverse models. Moreover, the robustness skill score is calculated as:  

Ὓȟ ρ ὅὠȾὅὠ   (3-22) 

where CV k is the CV of the kth inverse model over 10 runs and CVmax is the maximum CV among 

all inverse models. 

The reconstruction skill score (SRC, k) is defined based on three statistical indices: i) Nash-

Sutcliffe efficiency (NSE) (Nash and Sutcliffe, 1970), ii) root mean square error- observations 

standard deviation ratio (RSR) (Singh et al., 2005), and iii) PBIAS (Gupta et al., 1999). 
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where Cmean is the mean of the observed concentrations, Cob,j is the observed concentrations, and 

m is the number of the observed concentrations. The average reference values of the three indexes 

established by Moriasi et al. (2007) are considered in this study. Therefore, the reconstruction skill 

isevaluated as: 1) ñvery goodò if SRC, k Ó 0.72, 2) ñgoodò if SRC, k Ó 0.63, and 3) ñsatisfactoryò if SRC, 

k Ó 0.52; otherwise, the model performance is evaluated as ñunsatisfactoryò.  

Therefore, the total skill score is calculated as 

Ὓ ύὛ ύὛ ύὛ ύὛ Ⱦτ (3-27) 
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where w1, w2, w3, and w4 are the weighting factors for the accuracy, time, robustness, and 

reconstruction skills, respectively. In this study, the accuracy of the estimated parameters (w1 = 0.5) 

and reconstruction performance (w4 = 0.3) are more important than the other skills (w2 = w3 = 0.1) 

in the emergency treatment of river pollution. 

3.3 An inverse modeling approach for MPS identification 

3.3.1 Overview 

Herein, an inverse model is developed for MPS identification in river pollution incidents, 

which includes the development of an inverse model, quantification of uncertainties, and 

comprehensive sensitivity analysis. First, as shown in Figure 3-3, an inversed model based on the 
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DREAM algorithm is built to calculate the posterior probability distribution of pollution source 

parameters with further uncertainty analysis. A water quality model is combined in the proposed 

DREAM-based MPS approach to express the relationship between the multi-point sources and 

pollutant concentrations at the monitoring site. The posterior mean value of the samples from the 

DREAM-based MPS approach is taken as the parameter estimator. The marginal posterior 

probability density function (PPDF) and the 95% confidence interval of identified samples are used 

for analyzing the uncertainty of estimated source parameters. Moreover, the identified source 

parameters from the DREAM-based MPS approach are input into the water quality model to output 

simulated concentrations. Then the DREAM-simulated and observed concentrations at 

downstream monitoring sites are compared to further verify the identification results from the 

DREAM-based MPS approach. In the sensitivity analysis, the influences of model parameters, 

structure, and observation data on identification results are quantitatively analyzed to determine 

significant factors for identification results.  
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Figure 3-3 Flowchart of the MPS inverse modeling, sensitivity analysis, and method comparison 

3.3.2 Forward water quality simulation 

Pollution point sources are assumed to be instantaneously released into rivers in pollution 

incidents. In the single-point case, the advection-dispersion equation with the uniform flow can be 

simplified as the 1D classical analytical solution in Equation (3-2) to infer source mass, M1, release 

time, T1, and release location, X1. 

Practically, multiple point sources, Si (i=1, 2, é, n) with different masses, Mi, are released into 

rivers at different locations, Xi, and times, Ti. According to the superposition principle (Aral and 
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Liao, 1996), the 1D classical analytical solution in Equation (3-2) can be further derived to 

calculate the pollutant concentration in the multi-point case as follows: 
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3.3.3 Evaluation indices of model performance 

In the DREAM-based MPS approach, there are N parallel chains for deriving samples of source 

parameters from the Bayesian posterior distribution. The mean value and PPDF are used to describe 

the statistical characteristics of the samples. First, the posterior mean value of the samples in N 

chains is taken as the parameter estimator for pollution sources. To evaluate the accuracy of the 

identified results, the PBIAS is employed to compare the parameter estimator to the true value in 

hypothetical cases (Gupta et al., 1999). 
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where ɗreal is the true value of the source parameter, and ɗk
mean is the posterior mean value of 

samples in the kth chain. In real incidents, the parameter estimator of pollution sources from the 

DREAM-based MPS approach can be used to reconstruct the time series of concentrations at 

downstream monitoring sites. The reconstructed concentration data can be compared with the 

observed concentration data for validation. 

Moreover, kernel density estimation is implemented to estimate the marginal PPDF because it 
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describes the details of the PPDF, especially in non-unimodal cases (Wňglarczyk, 2018). 

Additionally, the confident interval of samples and shapes of the marginal PPDF for an unknown 

source parameter can describe the uncertainty degree of identified parameters. If the marginal 

PPDF is represented unimodally with a sharp and narrow distribution, source parameters can be 

identified with low uncertainty. In contrast, if the marginal PPDF is represented as a multimodal 

distribution or a flat and wide distribution, the identified parameter may contain significant 

uncertainties (Sheng et al., 2019). For further validating the model accuracy, the observed 

concentrations are compared to the simulated concentrations based on the parameter estimators 

from the DREAM-based MPS approach. 

3.4 Summary 

In this chapter, an integrated inverse modeling system for source identification in river 

incidents is established under representative scenarios of pollutant emissions (i.e., IPS, CPS, and 

MPS). The water quality models are included in the developed approaches as the mechanism for 

assessing the source and concentration responses in rivers.  

First, the MH method is applied to develop an IPS inverse modeling approach with a 

quantification of uncertainties. The SRC method is selected to evaluate the sensitivity of the model 

parameters. And the influences of variation (-10 % and +10 %) effect of model parameters are 

further quantitatively assessed. Second, an CPS inverse modeling approach is developed based on 

the DREAM algorithm with uncertainty quantification. Moreover, some evaluation indices have 

been selected to quantitatively compare the performance of the DREAM-based CPS approach with 

the MH-based and GA-based CPS approaches in terms of accuracy, computation time, robustness, 
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and reconstruction properties. Third, the DREAM algorithm is applied to develop an MPS inverse 

modeling approach. The posterior mean value of the samples from the MPS inverse modeling 

approach is taken as the parameter estimator. The factors including model parameters, model 

structure, and observation data are selected to analyze their influences on the identification results.  
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CHAPTER 4 MODEL DEVELOPMENT AND VALIDATION FOR 

AN IPS INVERSE MODELING APPROACH 

4.1 Overview of the study site and data collection 

4.1.1 Case study #1: a hypothetical case 

The case study #1 is adapted from a pollution incident at the Sujiatun section (marked ñsource 

siteò in Figure 4-1) in the Songhua River in China. In this case study, an organic pollutant with a 

high chemical oxygen demand (COD) is discharged from the source site (i.e., the Sujiatun site). 

The water quality is sampled at the ñmonitoring siteò (i.e., the Bayangang site), which is 120 km 

downstream from the Sujiatun site. The threshold concentration for the ñmonitoring siteò is set at 

15.00 mg/L, which is the regulated value for Class I (i.e., the strictest level) of the surface water 

quality standard of China (Ministry of Ecology and Environment of the Peopleôs Republic of China, 

2002). When the concentration exceeds the threshold value (15.00 mg/L) at the monitoring site, 

the concentration data are recorded every 2 hours. Other significant parameters included in the 

study are average river water width at 300 m, average water depth at 1.50 m, average river flow 

velocity at 1.25 km/h, dispersion coefficient at 1.15 km2/h (Li et al., 2016), and decay coefficient 

for COD at 0.00125 1/h (Yu et al., 2016). Based on the river conditions, the forward model based 

on Equation (3-2) is utilized to predict the concentration distribution as the ñobserved pollutant 

concentrationsò, and the simulation errors are determined based on random perturbations following 

a normal distribution in Equation (3-6). Overall, 26 concentration values are recorded. In the 

hypothetical case, the prior ranges are taken as from zero to twice the true values of the source 

parameters (Wu et al., 2020; Zeunert and Meon, 2020). The following prior ranges are used for 
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source identification: M0: 0-5789.04 tonne, T0: 0-148 h, and X0: 0-240 km. 

 

Figure 4-1 Location of the pollution source and monitoring sites in the Songhua River 

4.1.2 Case study #2: a field case 

The case study #2 is adapted from a real chemical spill incident in 2017, where a truck loaded 

with crude benzene fell into the Fen River at Fen River Bridge (marked ñsource siteò in Figure 4-

2), Xinjiang County, Yuncheng City, China. In total, 4.32 tonnes of crude benzene leaked into the 

Fen River. The downstream water quality is sampled at the ñmonitoring siteò (i.e., the West Liang 

Bridge site). The monitoring data and source information are obtained from Guo and Cheng (2019), 

a forward modeling study of the pollutant at the same site. Figure 4-2 shows the polluted river 

section and the monitoring site in the Fen River. Other parameters included in the study are an 

average river cross-sectional area at 25 m2; average flow velocity at 2880 m/h, dispersion 

coefficient at 70350 m2/h (calibrated by monitored data of Yang Zhao section in the Fen River); 
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and decay coefficient for crude benzene at 2.5Ĭ10ï5 1/h (Guo and Cheng, 2019). The following 

prior ranges are used for source identification: M0: 0-8.64 tonne, T0: 0-48 h, and X0: 0-174 km. 

 

Figure 4-2 Location of the pollution source and monitoring sites in the Fen River 

4.2 Model testing 

The software WinBUGS 1.4, a statistical tool for the MH algorithm (Spiegelhalter et al., 2003), 

is used for sampling of M0, T0, and X0 from the posterior distribution in Equation (3-5). To reduce 

uncertainties in this study, the MH-based IPS inverse modeling approach is simulated for 100,000 

iterations, and the first 5,000 iterations are discarded to minimize the amount of uncertainties 

(Cauchemez et al., 2004). The mean value of the MH samples is taken for the parameter estimator. 

And the GA program is implemented in MATLABÈ (The MathWorks Inc.) for 1,000 iterations in 

total. The stepwise regression tool in SPSS statistical software (IBMÈ SPSSÈ Statistics 19) is 

applied to assess the contribution of input variables to output variables (Helton et al., 2005; Bilotta 



48 

 

et al., 2012). 

4.3 Results 

4.3.1 Model performance and uncertainty analysis 

The source information of COD in the Songhua River is identified by both the MH-based and 

GA-based approaches in this case. The Monte Carlo error and standard deviation, along with 

median values, mean values, and the confidence level at 2.5 % and 97.5 %, for samples from the 

posterior distributions of M0, T0, and X0 based on the MH-based approach are summarized in Table 

4-1. It shows that the Monte Carlo error of each identified source parameter is below 5 % of the 

corresponding sample standard deviation (Table 4-1), which indicates that the MH-based approach 

converges well. Moreover, the posterior probability distributions of M0, T0, and X0 follow unimodal 

distributions, and their posterior ranges are diminished (Figure 4-3). Thus, the above results 

demonstrate that the source results identified from the MH-based approach have a small amount of 

uncertainties.  

Table 4-1 The estimated results from the MH-based IPS approach for the Songhua River case 

Parameters Mean S.D. MC Error 2.50% Median 97.50% 

M0 (tonne) 2895 0.8274 0.0290 2893.00 2894.00 2896.00 

T0 (h) 74 0.0526 0.0025 73.89 74.00 74.10 

X0 (km) 120 0.0664 0.0032 119.90 120.00 120.10 
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Figure 4-3 Posterior probability distributions of source parameters after convergence for the 

Songhua River case 

The comparison results of the MH-based and GA-based approaches are shown in Table 4-2. 

The MH-based approach has a high accuracy because the estimated mean values are almost the 

same as the true values, with an error range from 0 to 0.02 %. In the meantime, the relative errors 

between estimated values obtained from the GA-based approach and true values for M0, T0, and X0 

are 2.87 %, 6.70 %, and 5.23 %, respectively. According to the identification results of the Songhua 

River case, the MH method performs better than the GA-based approach for all source parameters. 

In addition, the identified errors of the MH-based approach in this case are small compared to 

previous studies for source identification in hypothetical cases (e.g., Wei et al., 2016; Jiang et al., 

2018; Wang et al., 2018). Thus, it confirms that the MH-based approach is a useful tool to identify 

pollution source information. Although the above results are satisfactory, field conditions including 

the uncertainty of the observation errors and simplification of the discharge processes are ignored 

in this hypothetical case. Thus, the applicability of both inverse models in a real case is to be tested 

next. 
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Table 4-2 Comparison of estimated source results based on two different inverse modeling 

approaches for the Songhua River case 

  M0 (tonne) T0 (h) X0 (km) 

Methods MH GA MH GA MH GA 

True values 2894.52 74 120 

Estimated values 2895 2977.66 74 78.96 120 126.27 

Relative error (%) 0.02 2.87 0 6.7 0 5.23 

4.3.2 Sensitivity analysis 

Model parameters in inverse modeling approaches are generally obtained from field 

experiments and empirical estimation methods. Compared to A, Ux, it is more challenging to 

determine Dx and K values. Model parameters are often considered with constant values in the river 

polluted section, which may not correctly represent temporal and spatial variation in channel 

topography and hydrological regimes. Thus, it is essential to assess the influences of model 

parameters on the estimation of source parameters in the developed approaches. 

The SRC method is applied to identify important factors for the inverse modeling approach in 

this study to quantify the influences of four model input parameters (i.e., A, Dx, Ux, and K) on 

source parameters (M0, T0, and X0). The Pearson correlation coefficients based on the two-sided 

test method of parameters are obtained as shown in Figure 4-4. The correlation is considered 

significant at p < 0.01 in this study. The correlation results in Figure 4-4 indicate that M0 has a 

positive correlation with A and Dx for both the MH-based and GA-based approaches. Also, X0 

positively correlates with Ux, and T0 has a significant negative correlation with Ux. Moreover, X0 

and T0 in relation to Ux in the MH-based approach are more sensitive than those in the GA-based 

approach.  
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Figure 4-4 Pearson correlation coefficients of parameters based on (a) the MH-based approach 

and (b) the GA -based approach for the Songhua River case (Note: significant correlation at p< 

0.01 (2-tailed) is in yellow color) 

The SRC results of sensitivity analysis related to the inverse models for M0, T0, and X0 are 

given in Table 4-3. The SRC results for the GA-based approach are in line with the correlation 

analysis for the sensitive parameters. Whereas, for the MH model, K also slightly affects the 

estimated result of M0. Moreover, X0 and T0 are partially negatively influenced by Dx.  

 

 

 

 



52 

 

Table 4-3 Sensitivity analysis results of two inverse models for the Songhua River case 

Source parameters Sensitive model parameters SRC 

MH -based modeling approach 

M0 (tonne) 

A (m2) 0.588 

Dx (103 m2/h) 0.277 

K (10-3 1/h) 0.176 

T0 (h) 
Ux (m/h) -0.817 

Dx (103 m2/h) -0.142 

X0 (km) 
Ux (m/h) 0.805 

Dx (103 m2/h) -0.121 

GA-based modeling approach 

M0 (tonne) 
A (m2) 0.518 

Dx (103 m2/h) 0.309 

T0 (h) Ux (m/h) -0.512 

X0 (km) Ux (m/h) 0.756 

Moreover, eight tests are employed to assess the variation (-10 % and +10 %) effect of model 

parameters on identified source parameters in the Songhua River case. The relative error expressed 

as a percentage is the rate of the absolute error of the estimated value and the true value to the true 

value being taken as shown in Figure 4-5. The results in Figure 4-5 are consistent with the above 

SRC results. The estimated source parameters (i.e., M0, T0, and X0) of both modeling approaches 

are slightly sensitive to K and A. And the parameters Dx and Ux are the most significant factors in 

estimating source parameters. The relative errors for T0 and X0 estimated by the GA-based approach 

reach 30.62 % and 23.75 %, respectively, when Dx is -10% variation from the true value. Moreover, 

the identification accuracy for T0 and X0 estimated by both inverse modeling approaches is poor 

when Ux is +10 % variation from the true value, corresponding to a relative error from 26.54 % to 

38.92 %. The reason for this is possibly because of that the sensitivity of parameters Dx and Ux is 

attributed to complex river geometry and hydraulic conditions, which have significant influences 

on the source estimation results obtained from the inverse models. This is in line with similar 
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previous studies (Wei et al., 2016; Jiang et al., 2018). Generally, the MH-based approach shows 

higher stability than the GA-based approach as the relative errors from the GA model are larger 

than those from the MH-based approach in the same test. Generating a quantitative analysis is 

useful to decide the key model parameters needed to be accurately determined in emergency 

responses using inverse modeling approach. 

 

Figure 4-5 Influence of model parameters on identification results in the Songhua River case 

4.3.3 Model validation based on a field case 

The effectiveness of both inverse models for finding pollution source information (i.e., M0, T0, 

and X0) of a crude benzene spill incident is tested in this real case. For the MH-based approach, the 

Monte Carlo error and standard deviation, along with median values, mean values, and the 

confidence level at 2.5 % and 97.5 %, for samples from the posterior distributions of M0, T0, and 

X0 are obtained as shown in Table 4-4. It is summarized in Table 4-4 that the Monte Carlo error of 
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M0, T0, and X0 is below 5 % of the corresponding sample standard deviation. The results indicate 

that the MH-based approach can provide superior convergence performance for estimation of 

source parameters in this real case. In addition, the uncertainty of results estimated from the MH-

based approach is small as the posterior probability distributions of M0, T0, and X0 follow unimodal 

distribution with diminished ranges as shown in Figure 4-6. 

Table 4-4 The estimated results from the MH-based IPS approach for the Fen River case 

Parameters Mean S.D. MC Error 2.50% Median 97.50% 

M0 (tonne) 3.58 0.4837 0.0039 2.65 3.58 4.56 

T0 (h) 20.57 2.45 0.119 16.01 20.51 25.61 

X0 (km) 98.05 7.226 0.357 84.49 98.02 112.2 

 

Figure 4-6 Posterior probability distributions of source parameters after convergence for the Fen 

River case 

Results of two developed inverse modeling approaches for Case 2 are provided in Table 4-5. 

The relative errors by comparing the estimated mean results obtained from the MH-based approach 

to true values for M0, T0, and X0 are all below 20 %. Compared with the T0, and X0, the relative 

error of M0 from the MH-based approach is relatively higher. The reason for this could be that M0 

is relatively less sensitive when used in simulating pollutant concentrations (Wang et al., 2019). 

Whereas for the GA-based approach, the identification results for source parameters are not as good 
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as the MH-based approach, with a higher error range from 21.53 % to 26.46 %.  

Table 4-5 Comparison of estimated source results based on two different inverse modeling 

approaches for the Fen River case 

 M0 (tonne) T0 (h) X0 (km) 

Methods MH GA MH GA MH GA 

True values 4.32 24 87 

Estimated values 3.58 3.39 20.57 18.56 98.05 110.02 

Relative error (%) 17.13 21.53 14.29 22.67 12.7 26.46 

The above results from the second case study also prove that the MH-based approach can 

provide a useful estimation of source parameters in field conditions. Nonetheless, the relative errors 

of both inverse models for the real case are significantly higher compared to results of the 

hypothetical case. Possible reasons for this include that the limited observed data and observation 

errors contribute to the identification errors in the inverse model, in addition to uncertainties 

associated with the site conditions and forward water quality modeling process. For example, Wang 

et al. (2018) shows that the identification result is sensitive to the observation error if a standard 

deviation of observation errors is more extensive than 0.05.  

4.4 Discussion 

In this present study, we investigate the performance of the MH-based and GA-based 

approaches in source identification of single-point pollution in river pollution incidents. It is found 

that the MH-based approach has advantages over the GA-based approach in accuracy, stability, and 

computation time. Premature convergence affects the accuracy of results in the GA-based approach. 

Theoretically, the fitness function in GA-based approach can accurately adapt to changes in the 
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searching space of a solution with the infinite population size assumed by Holland (1992). However, 

the GA-based approach may easily get premature and convergence to sub-optimal results because 

of the limited population size and improper selection of the control parameters in practice (Rudolph, 

1994). Interestingly, the average computation time for source identification using the MH-based 

approach and the GA-based approach in both study cases is 62.5s and 132.3s, respectively. The 

possible reason is that although the GA-based approach can rapidly find the region where the 

globally optimal solution exists, it takes a longer time to output the exact local optimized solution 

during the late evolution (Maier et al., 2014). Whereas the MH sampling parallelly runs in different 

trajectories to find the target posterior distribution, which can avoid premature convergence. 

Therefore, the MH-based approach provides more robust and stable results than the GA-based 

approach to estimate essential pollution source information (M0, T0, and X0) in this study, which 

involves complex posterior distributions in emergent river pollution incidents (Vrugt et al., 2009). 

Although the proposed inverse modeling approach, especially the developed MH-based 

approach, is proved to identify pollution source information effectively, application to the field 

cases needs to further examine various uncertainties as aforementioned. The inverse problem for 

identifying the point-source of river pollution incidents is still challenging. For example, the 

complex river geometry and hydraulic conditions have significant influences on the performance 

of inverse models, as confirmed in sensitivity analysis of the developed inverse models. Besides 

the inverse modeling method itself, other factors including observed data limitation, sampling 

errors, and the over-simplification of the discharge processes, may cause inverse modeling 

discrepancies (Ma et al., 2013).  

Therefore, a systematic approach for uncertainty analysis is critical in future study to provide 
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practical strategies to improve the source identification accuracy. Also, current studies mainly 

consider single point source and instantaneous discharge for the pollution incident response. 

Continuous discharge cases and multiple point source pollution cases can be considered in further 

studies (Chapter 5 and Chapter 6) based on the proposed approach in this study. Other concepts 

such as series adaptive MCMC algorithms and surrogate models for numerical simulation in 

environmental models may be further examined for source identification (Tasdighi et al., 2018).   

4.5 Summary 

Overall, this research shows that the MH-based approach can practically estimate the river 

pollution source. When applied in a hypothetical case study, the MH-based approach gives the 

desired accuracy with a relative error of less than 0.02 %. In a real case study, the relative errors of 

all source parameters identified by the MH-based approach are under a considerable range of 

20.0 %.  The observation errors and the over-simplification of the discharge processes may lead to 

higher identification errors in the real case study than those in the hypothetical case. The model 

validation and case studies in this research show that the MH-based approach performs better than 

the GA-based approach, which is vital for pollution source control and management. The key 

model parameters are also examined in this study based on sensitivity analysis. It is found that the 

estimation of pollution source quantity appears to be sensitive to the average cross-sectional area 

and contaminant dispersion coefficient, and the average flow velocity significantly influences the 

estimation of release location and release time. The present study contributes to the growing body 

of research to understand critical pollution source information and establishes a quantitative 

approach for implementing inverse models in practice.  
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CHAPTER 5 MODEL DEVELOPMENT AND VALIDATION FOR 

A CPS INVERSE MODELING APPROACH 

5.1 Overview of the study site and data collection 

5.1.1 Case study #3: a hypothetical case 

The case study #3 based on the Sabine River is adopted to identify the source parameters (i.e., 

C0, X0, T0, and Ts) of diclofenac using the DREAM-based CPS inverse modeling approach. The 

Sabine River flows through the southern US states of Texas and Louisiana. The Sabine River is at 

a high risk of pollution from industrial and domestic wastewater. Diclofenac is a common non-

steroidal anti-inflammatory drug in the form of pills and eye drops. However, only 29% of 

diclofenac are removed by the conventional wastewater treatment plants (Verlicchi et al., 2012). 

The pollutant (diclofenac) is assumed to be continuously spilled from a point source for 4 h in the 

Sabine River, as shown in Figure 5-1. For this hypothetical case, Equations (3-13) and (3-14) are 

used to simulate the concentrations as the ñobserved pollutant concentrationsò and the observation 

noise follows a normal distribution with a variance equal to 1.0 (ɛg/m3). Information on the 

pollution sources and model inputs are shown in Table 5-1.  
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Figure 5-1 Location of the pollution source and monitoring sites in the Sabine River 

Table 5-1 Parameterization for the Sabine River case 

Parameter Description Value Reference 

Source parameters 

C0 Source strength (ɛg/m3) 100 ð 

X0 
X-coordinate of source location from the 

monitoring site (km) 
5 ð 

T0 Release time (h) 1.6 ð 

Ts Spill time (h) 4 ð 

Model parameters 

Dx Dispersion coefficient in x-direction (m2/s) 12.80 
Wang and Huai, 

2016 

Ux Flow velocity in x-direction (m/s) 0.13 
Wang and Huai, 

2016 

K Decay rate of diclofenac (1/s) 1.02Ĭ10-6 
Gimeno et al., 

2017 

Prior information 

URange-

C0 
Prior range for C0, uniform distribution (ɛg/m3) 

U [0, 

200] 
ð 

Urange-X0 Prior range for X0, uniform distribution (km) U [0, 10] ð 



60 

 

Urange-T0 Prior range for T0, uniform distribution (h) U [0, 3.2] ð 

Urange-Ts Prior range for Ts, uniform distribution (h) U [ 0, 8] ð 

dtm Monitoring interval time (h) 0.2 ð 

5.1.2 Case study #4: a field case 

In the case study #4, real concentration data are applied in the field tracer case to test the 

performance of the DREAM-based CPS approach. The tracer experiment was conducted by 

Jackson and Lageman (2014), where Rhodamine WT (RWT) dye was released into the Chicago 

Sanitary and Ship Canal to track the piscicide plume. Concentration data were measured at six 

monitoring sites (i.e., S1 to S6) as shown in Figure 5-2 which are further applied in conditions F1, 

F2, F3, F4, F5, and F6, respectively, to determine the source parameters. The model inputs and 

source information are presented in Table 5-2. The hydrodynamic parameters were calibrated by 

Zhu et al. (2017) for numerical modeling of dye concentrations.  

 

Figure 5-2 Location of the source and monitoring sites in the Chicago Sanitary and Ship Canal 
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Table 5-2 Parameterization for the field tracer case 

Parameters 
Condition ID 

F1 F2 F3 F4 F5 F6 

Source parameters 

C0 (ppb) 10 10 10 10 10 10 

X0 (km) 2.25 3.91 5.39 7.03 8.61 9.93 

T0 (h) 1 1 1 2 5 7 

Ts (h) 8.93 8.93 8.93 8.93 8.93 8.93 

Model parameters 

Dx (m
2/s) 4 4 4 4 4 4 

Ux (m/s) 0.14 0.14 0.14 0.14 0.14 0.14 

K (1/s) 0 0 0 0 0 0 

Prior information  

Urange-C0 

(ppb) 
U (0, 20) U (0, 20) U (0, 20) U (0, 20) U (0, 20) U (0, 20) 

Urange-X0 

(km) 
U (0, 4.50) U (0, 7.82) 

U (0, 

10.78) 

U (0, 

14.06) 

U (0, 

17.22) 

U (0, 

19.86) 

Urange-T0 (h) U (0, 2) U (0, 2) U (0, 2) U (0, 4) U (0, 10) U (0, 14) 

Urange-Ts (h) 
U (0, 

17.86) 

U (0, 

17.86) 

U (0, 

17.86) 

U (0, 

17.86) 

U (0, 

17.86) 

U (0, 

17.86) 

dtm (h) 0.5 0.5 0.5 0.5 0.5 0.5 

5.2 Model testing 

For both cases #3 and #4, The DREAM-based CPS approach is implemented in MATLABÈ 

(The MathWorks Inc.) 10 times with 100,000 samples each. To reduce uncertainties in this study, 

the first 20,000 iterations are discarded to minimize the amount of uncertainties (Cauchemez et al., 

2004). The mean value of the samples is taken for the parameter estimator. 
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5.3 Results 

5.3.1 Model performance and uncertainty analysis 

Figure 5-3 shows that the posterior probability distributions of all source parameters follow 

unimodal distributions, indicating that the DREAM-based CPS approach can identify pollution 

sources reliably with a small amount of uncertainties (Jia et al., 2018). 

 

Figure 5-3 Posterior probability distributions of source parameters from the DREAM-based CPS 

inverse modeling approach for the Sabine River case 

In addition, the skill scores of the DREAM-based CPS approach are compared with those of 

the MH-based and GA-based CPS approaches, as shown in Figure 5-4. The skill scores are closer 

to one when identification results are better. The identification results and computation time of the 

model are listed in Table 5-3. As shown in Figures 5-4 (a)ï(d), the DREAM-based CPS approach 

has the highest accuracy skill scores for all source parameters among the three models. The average 

accuracy skill score of the DREAM-based CPS approach (SA, DREAM = 0.97) in Figure 5-4 (e) is very 

close to one. Although the skill score of T0 for the DREAM-based CPS approach (S release time, DREAM 

= 0.93) is slightly lower than that of the other three source parameters, the estimated value of T0 

provides useful information. However, the skill scores of T0 from both the MH-based and GA-

based CPS approaches (S release time, MH = 0.73 and S release time, GA = 0.73) are lower than 0.75, which 
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indicates that these two models could not satisfactorily identify T0. Consequently, these results 

imply that the DREAM-based CPS approach could accurately determine all source parameters and 

has the best accuracy performance among the three models. 

 

Figure 5-4 Comparison of different inverse models for identification of source parameters for the 

Sabine River case: (a) strength skill score, (b) location skill score, (c) release time skill score, (d) 

spill time skill score, (e) average accuracy skill score, (f) computation time skill score, (g) 

robustness skill score, (h) reconstruction skill score, and (i) total skill score 
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Table 5-3 Estimated results of source parameters by different inverse models for the Sabine River 

case 

  C0(ɛg/m3) X0 (km) T0 (h) Ts (h) 
Computation 

timed (s) 
CVe 

Real value 100 5 1.6 4 ð ð 

DREAMa 101.67 Ñ 1.52 Ĭ 10-1 5.04 Ñ 5.70 Ĭ 10-3 1.72 Ñ 1.46 Ĭ 10-2 3.95 Ñ 5.51 Ĭ 10-3 19.25 0.004 

MHb 98.4 Ñ 1.22 Ĭ 10-2 4.72 Ñ 5.17 Ĭ 10-4 1.17 Ñ 1.32 Ĭ 10-3 4.06 Ñ 4.57 Ĭ 10-4 44.09 0.001 

GAc 97.77Ñ 1.82 4.73 Ñ 6.42 Ĭ 10-2 1.15 Ñ 1.29 Ĭ 10-1 4.13 Ñ 1.01 Ĭ 10-1 1911.01 0.059 

Note: a, 95% confidence interval of the posterior mean value of samples from the DREAM-based 

CPS approach over 10 runs; b, 95% confidence interval of the posterior mean value of samples 

from the MH-based CPS approach over 10 runs; c, 95% confidence interval of estimated values 

from the GA-based CPS approach over 10 runs; d, mean computation time over 10 runs; and e, 

mean CV of four source parameters over 10 runs. 

Moreover, Figure 5-4 (f) shows that the DREAM-based CPS approach requires the shortest 

computation time to identify the source parameters. Table 5-3 also shows that the computation time 

of the MH-based and GA-based CPS approaches are approximately two and hundred times longer, 

respectively, than that of the DREAM-based CPS approach. The results indicate that the DREAM-

based CPS approach can be applied to readily respond to pollutant spill incidents. Although the 

MH-based CPS approach performs better than the DREAM-based CPS approach in terms of 

robustness, as shown in Figure 5-4 (g), the difference in scores is small. In addition, the GA-based 

model performs poorly in terms of both computation time and robustness. In addition, the 

reconstruction skill score of the DREAM-based CPS approach (SRC, DREAM = 0.99) in Figure 5-4 (h) 

is very close to one, which is the highest among the three models. As shown in Figure 5-5, the 

simulated time series of concentrations from the DREAM-based CPS approach fit the observed 

data well at both X0 = 5 km and X0 = 7.5 km. The elapsed time is equal to the release time plus the 

spill time. 
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Figure 5-5 Reconstructed time series of pollutant concentrations from different models for the 

Sabine River case at the downstream site: (a) 5.0 km and (b) 7.5 km 

The total skill score is obtained by considering all the performances in terms of accuracy, 

computation time, robustness, and reconstruction, as illustrated in Figure 5-4 (i). Overall, the 

DREAM-based CPS approach exhibits significant advantages over the MH-based and GA-based 

CPS approaches in source identification for the Sabine River case. 

5.3.2 Sensitivity analysis 

In the DREAM-based CPS approach, influences from observation error, monitoring time 

interval, spatial monitoring form, prior range, and model parameters might exist for real pollution 

incidents. Therefore, the above-mentioned sensitive factors are further discussed in the following 

sections for the Sabine River case. 
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5.3.2.1 Influence of observation error 

The source parameters can only be identified from the observed data. Observation errors from 

measurements exist in complex real-world situations. Thus, the observation error is considered to 

influence the identification of uncertainties. In this section, the observation error is added to the 

simulated concentrations obtained from Equations (3-13) and (3-14) to discuss the performance of 

the DREAM-based CPS approach. The multiplicative error model is expressed as follows. 

ὅȟ ὅ ὒὙὅ (5-1) 

where Cs
ô is the observed concentration, R follows a standard normal distribution N (0, 1), and Lm 

is the error level. Referring to the three ranges of error levels considered by Singh and Datta (2006), 

four levels of white noise (Lm= 0.05, 0.10, 0.15, and 0.20) are selected to perturb the observed 

concentrations. 

As shown in Figure 5-6 (a), the absolute PBIAS of all source parameters increases with the 

observation error level. However, the estimated mean values of M0, X0, and Ts by the DREAM-

based CPS approach remain satisfactory because the absolute PBIAS of all source parameters are 

below 25% at Lm = 20%. When the observation error level is above 15%, the absolute PBIAS of T0 

is above 45%. This result implies that the observation error has a significant influence on the 

estimated values of T0. In addition, a high error level could increase the computation time. 
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Figure 5-6 Performance of the DREAM-based CPS inverse modeling approach for the Sabine 

River case under: (a) various observation errors, (b) various monitoring time interval, (c) various 

spatial monitoring forms, and (d) variation of model parameters 

5.3.2.2 Influence of monitoring time interval 

As the monitoring time interval decreases, the number of observations increases. The 

monitoring time interval is set as 0.2, 0.4, 0.8, and 1.0 h separately to identify the source parameters 

using the DREAM-based CPS approach. The increased observation number improves the accuracy 

of the estimated results of the source parameters and increases the computation time. As shown in 

Figure 5-6 (b), the absolute PBIAS increases with a decrease in the observation number. Compared 

with the other three source parameters, the estimated value of T0 is more sensitive to the observation 

number. However, the DREAM-based CPS approach performs well under various monitoring time 

intervals because even the maximum absolute PBIAS of the source parameters is below 15%.  
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5.3.2.3 Influence of spatial monitoring form 

Four individual monitoring sites are set at different distances from the spill site (X0 = 2.5, 5.0, 

7.5, and 10.0 km). Figure-6 (c) illustrates that as the distance from the spill site increases, the 

absolute PBIAS of the source parameters in the DREAM-based CPS approach increases gradually. 

The results imply that the model performance is evidently improved when the monitoring site is 

closer to the spill site. Similar to the previous sensitivity analysis of the observation error and 

monitoring time interval, the estimated value of T0 is more sensitive to the spatial monitoring form 

than the other source parameters. 

5.3.2.4 Influence of prior range 

The constraints from prior ranges of the unknown source parameters affect the estimation 

process of the inverse models. Thus, the influence of the prior range on the DREAM-based CPS 

approach is investigated. Table 5-4 shows that the PBIAS and computation time fluctuate slightly 

as the prior range increases from two to four times than that of the real value. The results 

demonstrate that the DREAM-based CPS approach is not sensitive to the prior range. In addition, 

the DREAM-based CPS approach could identify the pollution source accurately, even for a wide 

range of unknown source parameters in a real-world accident. 
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Table 5-4 Results from the DREAM-based CPS approach based on various prior ranges 

Test 

ID 

Prior range PBIAS (%) of source parameters 
Computation 

time (s) C0 

(ɛg/m3) 
X0 (km) T0 (h) Ts (h) 

C0 

(ɛg/m3) 
X0 (km) T0 (h) Ts (h) 

1 (0, 200) (0, 10) (0, 3.2) (0, 8) -1.67 -0.86 -7.19 1.29 19.25 

2 (0, 300) (0, 10) (0, 3.2) (0, 8) -1.58 -0.79 -6.66 1.2 19.67 

3 (0, 400) (0, 10) (0, 3.2) (0, 8) -1.8 -0.94 -7.88 1.4 19.44 

4 (0, 200) (0, 15) (0, 3.2) (0, 8) -1.64 -0.83 -6.99 1.26 19.85 

5 (0, 200) (0, 20) (0, 3.2) (0, 8) -1.74 -0.89 -7.48 1.34 19.82 

6 (0, 200) (0, 10) (0, 4.8) (0, 8) -1.77 -0.9 -7.58 1.35 19.72 

7 (0, 200) (0, 10) (0, 6.4) (0, 8) -1.61 -0.82 -6.88 1.22 19.71 

8 (0, 200) (0, 10) (0, 3.2) (0, 12) -1.67 -0.86 -7.22 1.29 19.72 

9 (0, 200) (0, 10) (0, 3.2) (0, 16) -1.82 -0.96 -8 1.41 19.82 

10 (0, 300) (0, 15) (0, 4.8) (0, 12) -1.85 -0.97 -8.09 1.42 19.1 

11 (0, 400) (0, 20) (0, 6.4) (0, 16) -1.88 -0.96 -8.09 1.44 19.41 

5.3.2.5 Influence of model parameters 

As the model parameters are assumed to be constants, the high uncertainty levels of model 

parameters could be related to identification accuracy. The effect of variation (-10% and +10%) of 

the model parameters from the real values on the estimated results is quantitatively analyzed. The 

results demonstrate that the accuracy of the estimated results is mostly sensitive to Ux, followed by 

Dx. Moreover, the model parameters have evident impacts on T0 compared with the other source 

parameters. As shown in Figure 5-6 (d), the -10% variation of Dx leads to -2.36%, -10.72%, -

75.19%, and 1.91% PBIAS, while that of +10% variation leads to 2.94%, 9.62%, 68.78%, and 2.86% 

PBIAS for M0, X0, T0, and Ts, respectively, from the DREAM-based CPS approach. The -10% 

variation of Ux leads to 9.47%, 31.01%, 93.88%, and 12.76% PBIAS, while the +10% variation of 

Ux leads to 3.57%, -24.77%, -87.63%, and 3.89% PBIAS for M0, X0, T0, and Ts, respectively, from 

the DREAM-based model. Thus, the constant values of Ux and Dx applied in the inverse model 

might have strong influences on the source identification because of the spatial variation of Ux and 
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Dx in different reaches of rivers.  

5.3.3 Model validation based on a field case 

The DREAM-based model has a small amount of uncertainty because the posterior probability 

distributions of all source parameters follow unimodal distributions, as shown in Figure 5-7. The 

model performs well for source identification in the field tracer case. As shown in Figure 5-8 (e), 

the accuracy scores of the DREAM-based CPS approach under conditions F2 to F6 are above 0.90. 

The lowest accuracy score of the DREAM-based CPS approach under condition F1 (SA, DREAM, F1 = 

0.89) is above 0.85. Moreover, the GA-based and MH-based CPS approaches fail to estimate T0 

under most conditions, because their accuracy scores for T0 are below 0.75, as in Figure 5-8 (c). 

These results imply that the DREAM-based CPS approach has the best performance in accurately 

identifying all the source parameters (i.e., C0, X0, T0, and Ts) among the three models. 
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Figure 5-7 Posterior probability distributions of source parameters from the DREAM-based CPS 

approach for the field tracer case under different conditions: (a) F1, (b) F2, (c) F3, (d) F4, (e) F5, 

and (f) F6 
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Figure 5-8 Comparison of different inverse models for source identification for the field tracer 

case under conditions F1ïF6: (a) strength skill score, (b) location skill score, (c) release time skill 

score, (d) spill time skill score, (e) average accuracy skill score, (f) computation time skill score, 

(g)robustness skill score, (h) reconstruction skill score, and (i) total skill score 

In addition, the DREAM-based CPS approach could readily estimate the values of the source 

parameters for emergency response. As shown in Table 5-5, the computation time of the DREAM-

based CPS approach is within 23 s. Moreover, as shown in Figure 5-8 (f), the computation times 

of the MH-based and GA-based CPS approaches are almost two and ten times longer, respectively, 

than that of the DREAM-based CPS approach. The MH-based CPS approach has a slight advantage 

over the DREAM-based CPS approach in terms of robustness, as shown in Figure 5-8 (g). However, 

the estimated results of the DREAM-based CPS approach have high stability because the 

robustness skill scores under the six conditions are above 0.85. Moreover, the robustness skill 

scores of the GA-based CPS approach are considerably lower than those of the other two models. 
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Table 5-5 Estimated results of source parameters by different inverse models under different 

conditions for the field tracer case 

  C0(ppb) X0 (km) T0 (h) Ts (h) 
Computation 

timed (s) 
CVe 

F1 

Real value 10.00 2.25 1.00 8.93 ð ð 

DREAMa 10.41 Ñ 5.16 Ĭ 10-3 2.39 Ñ 5.71 Ĭ 10-3 1.22 Ñ 1.14 Ĭ 10-2 7.72 Ñ 2.71 Ĭ 10-2 22.20 0.006 

MHb 10.53 Ñ 4.85 Ĭ 10-3 2.49 Ñ 2.88 Ĭ 10-3 1.51 Ñ 5.72 Ĭ 10-3 6.91 Ñ 2.54 Ĭ 10-2 37.17 0.003 

GAc 10.63 Ñ 1.61 Ĭ 10-1 2.42 Ñ 1.13 Ĭ 10-1 1.38 Ñ 2.26 Ĭ 10-1 5.45 Ñ 6.87 Ĭ 10-1 233.13 0.123 

F2 

Real value 10.00 3.91 1.00 8.93 ð ð 

DREAMa 10.06 Ñ 3.99 Ĭ 10-3 3.93 Ñ 4.35 Ĭ 10-3 1.04 Ñ 7.88 Ĭ 10-3 9.83 Ñ 1.08 Ĭ 10-2 22.79 0.004 

MHb 10.06 Ñ 2.78 Ĭ 10-4 4.01 Ñ 2.61 Ĭ 10-3 1.26 Ñ 5.27 Ĭ 10-3 9.95 Ñ 1.00 Ĭ 10-2 37.95 0.002 

GAc 10.06 Ñ 1.31 Ĭ 10-2 4.07 Ñ 4.99 Ĭ 10-2 1.34 Ñ 8.71 Ĭ 10-2 9.91 Ñ 8.89 Ĭ 10-1 176.73 0.057 

F3 

Real value 10.00 5.39 1.00 8.93 ð ð 

DREAMa 9.92 Ñ 2.31 Ĭ 10-3 5.01 Ñ 3.28 Ĭ 10-3 1.01 Ñ 6.59 Ĭ 10-3 9.00 Ñ 2.39 Ĭ 10-3 22.67 0.003 

MHb 9.93 Ñ 2.40 Ĭ 10-4 4.86 Ñ 3.37 Ĭ 10-3 0.78 Ñ 6.55 Ĭ 10-3 8.96 Ñ 5.44 Ĭ 10-4 39.02 0.003 

GAc 9.95 Ñ 1.98 Ĭ 10-2 4.68 Ñ 3.93 Ĭ 10-2 0.42 Ñ 6.66 Ĭ 10-2 8.93 Ñ 3.22 Ĭ 10-2 216.26 0.061 

F4 

Real value 10.00 7.03 2.00 8.93 ð ð 

DREAMa 10.00 Ñ 4.52 Ĭ 10-3 6.56 Ñ 6.08 Ĭ 10-3 2.12 Ñ 1.19 Ĭ 10-2 8.93 Ñ 2.07 Ĭ 10-3 22.71 0.003 

MHb 10.01 Ñ 1.41 Ĭ 10-3 6.51 Ñ 2.24 Ĭ 10-2 2.08 Ñ 3.22 Ĭ 10-2 8.92 Ñ 3.18 Ĭ 10-3 40.97 0.007 

GAc 10.06 Ñ 7.69 Ĭ 10-2 7.22 Ñ 3.66 Ĭ 10-1 2.47 Ñ 3.25 Ĭ 10-1 8.93 Ñ 6.58 Ĭ 10-2 205.66 0.069 

F5 

Real value 10.00 8.61 5.00 8.93 ð ð 

DREAMa 9.44 Ñ 4.02 Ĭ 10-3 8.52 Ñ 7.74 Ĭ 10-3 4.67 Ñ 1.46 Ĭ 10-2 9.23 Ñ 4.72 Ĭ 10-3 22.59 0.002 

MHb 9.40 Ñ 1.09 Ĭ 10-3 8.00 Ñ 4.85 Ĭ 10-3 3.69 Ñ 9.85 Ĭ 10-3 9.24 Ñ 1.32 Ĭ 10-3 39.10 0.001 

GAc 9.37 Ñ 9.29 Ĭ 10-2 7.93 Ñ 1.02 3.54 Ñ 2.05 9.28 Ñ 7.17 Ĭ 10-2 203.7 0.253 

F6 

Real value 10.00 9.93 7.00 8.93 ð ð 

DREAMa 10.04 Ñ 4.58 Ĭ 10-3 10.73 Ñ 4.84 Ĭ 10-2 8.55 Ñ 9.67 Ĭ 10-2 8.95 Ñ 4.54 Ĭ 10-3 22.75 0.006 

MHb 10.09 Ñ 1.68 Ĭ 10-3 11.47 Ñ 1.37 Ĭ 10-2 10.05 Ñ 2.73 Ĭ 10-2 8.96 Ñ7.09 Ĭ 10-4 39.64 0.001 

GAc 9.92 Ñ 4.88 Ĭ 10-2 8.32 Ñ 5.83 Ĭ 10-1 3.82 Ñ 7.83 Ĭ 10-1 9.00 Ñ 9.36 Ĭ 10-2 221.30 0.102 

Note: a, 95% confidence interval of the posterior mean value of samples from the DREAM-based 

CPS approach over 10 runs; b, 95% confidence interval of the posterior mean value of samples 

from the MH-based CPS approach over 10 runs; c, 95% confidence interval of estimated values 
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from the GA-based CPS approach over 10 runs; d, mean computation time over 10 runs; and e, 

mean CV of four source parameters over 10 runs. 

As shown in Figure 5-8 (h), under conditions F1 to F5, the reconstruction skill scores are above 

0.77, indicating that the estimated results from the DREAM-based CPS approach can be used to 

accurately reconstruct the time series of pollutant concentrations. Although the DREAM-based 

CPS approach produces less accurate results for reconstructing the concentration time series under 

condition F6, the reconstruction skill score of the model remains the highest among the three 

models. These findings are consistent with those shown from Figure 5-9 to Figure 5-14, revealing 

that the reconstructed time series of pollutant concentrations from the DREAM-based CPS 

approach fit well with the observed concentrations, except under condition F6. In addition, the 

reconstruction results based on the GA-based CPS approach are unsatisfactory under conditions 

F1 and F6 because the skill scores of reconstructions are below 0.52.  

 

Figure 5-9 Reconstructed time series of pollutant concentrations from different models for the 

field tracer case under condition F1 at the monitoring site: (a) S1; (b) S2; (c) S3; (d) S4; (e) S5 

and (f) S6 
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Figure 5-10 Reconstructed time series of pollutant concentrations from different models for in the 

field tracer case under condition F2 at the monitoring site: (a) S1; (b) S2; (c) S3; (d) S4; (e) S5 

and (f) S6 

 

Figure 5-11 Reconstructed time series of pollutant concentrations from different models for the 

field tracer case under condition F3 at the monitoring site: (a) S1; (b) S2; (c) S3; (d) S4; (e) S5 

and (f) S6 
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Figure 5-12 Reconstructed time series of pollutant concentrations from different models for the 

field tracer case under condition F4 at the monitoring site: (a) S1; (b) S2; (c) S3; (d) S4; (e) S5 

and (f) S6 

 

Figure 5-13 Reconstructed time series of pollutant concentrations from different models for the 

field tracer case under condition F5 at the monitoring site: (a) S1; (b) S2; (c) S3; (d) S4; (e) S5 

and (f) S6 
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Figure 5-14 Reconstructed time series of pollutant concentrations from different models for the 

field tracer case under condition F6 at the monitoring site: (a) S1; (b) S2; (c) S3; (d) S4; (e) S5 

and (f) S6 

5.4 Discussion 

In the present study, we investigate whether the DREAM-based CPS approach could 

accurately identify point pollution sources with continuous release in river incidents. To compare 

the DREAM-based CPS approach with the MH-based and GA-based CPS approaches, we applied 

the three models in a hypothetical case with real river geometry and a field tracer case. Overall, our 

results demonstrate that the source parameters could be determined accurately using the DREAM-

based CPS approach in both cases. In addition, the DREAM-based CPS approach has significant 

advantages over the other two models in source identification for the field tracer case. Moreover, 

compared with the findings of a similar study by Jiang et al. (2018), the DREAM-based CPS 

approach in this study shows better performance in accurately determining the source parameters 

because the DREAM algorithm can run parallelly multiple chains and automatically adapt proposal 
















































































































