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Longitudinal dispersion in fluvial environments: new 1 

empirical formulations and applications to pollutant 2 

transport modeling 3 
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 6 

Highlights 7 

 8 

• We present novel empirical formulations for longitudinal dispersion coefficients in 9 

narrow and wide channels. 10 

• We discover that the dispersion in narrow and wide channels is governed by the channel 11 

aspect ratio and shear velocity ratio, respectively. 12 

• One-dimensional advection−dispersion equation is numerically solved to examine 13 

transport dynamics for instantaneous and continuous pollutant release scenarios. 14 

 15 

Abstract 16 

 17 

In this paper, we analyze the transport dynamics of instantaneous and continuous release of 18 

pollutants in rivers. We begin with proposing new formulations for longitudinal dispersion 19 

coefficient in narrow and wide channels. Considering the observed trends in field-derived 20 

datasets, the channel aspect ratio to demarcate narrow and wide channels is set as 10. The 21 

analysis shows that the longitudinal dispersion coefficient depends nonlinearly on the channel 22 

aspect ratio and shear velocity ratio. Finally, the robustness of the proposed formulations is 23 

established through a comparative analysis with existing formulations available in the 24 

literature. To simulate the pollutant transport dynamics, the one-dimensional 25 

advection−dispersion equation is numerically solved using the proposed formulations of 26 

dispersion coefficient. The numerical simulations are performed for instantaneous and 27 

continuous pollutant release scenarios in both narrow and wide channels. The pollutant 28 

concentration profiles in a narrow channel with instantaneous release manifest a distinct peak 29 

concentration. Conversely, for continuous release scenario, the pollutant concentration remains 30 

at its maximum magnitude for a finite temporal interval and spatial extent. For instantaneous 31 

release case, the enhanced dispersion in wide channels causes the intensified attenuation of the 32 

concentration peak. In addition, the continuous release of pollutants in wide channels 33 

characterize a decay of peak concentration in downstream direction. The predicted pollutant 34 

concentration profiles are in agreement with the classical analytical solution and field 35 

observations of Atkinson and Devis (2000). 36 

 37 
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Rivers are vital freshwater resources supporting drinking water supply, agricultural irrigation, 43 

industrial development, and ecological sustainability. However, in recent year, accelerated 44 

urbanization, industrialization, and agricultural development have contaminated natural water 45 

bodies including rivers (Noori et al. 2021). Consequently, reliable assessment of pollutant 46 

transport and mixing processes is crucial for water quality management, environmental 47 

conservation, and pollution mitigation strategies (Fischer et al. 1979; Chen et al. 2009; Parsaie 48 

and Haghiabi 2015; Noori et al. 2021). 49 

The advection–dispersion equation has been extensively employed to model the pollutant 50 

transport dynamics in rivers (Wallis and Manson 2004; Abderrezzak et al. 2015; Moghaddam 51 

et al. 2017; Ramezani et al. 2019). Over the years, numerous software packages, such as 52 

SIMCAT, QUAL2Kw, COMSOL, MIKE 11, ADISTS, etc., have been developed to model 53 

pollutant transport dynamics in rivers (Pelletier et al. 2006; Ani et al. 2009; Launay et al. 2015). 54 

Pollutant discharges in streams usually occur in two forms—instantaneous and continuous. For 55 

continuous discharges, the concentration front propagates downstream and gradually 56 

approaches a steady-state condition (Abderrezzak et al. 2015; Ramezani et al. 2019). 57 

Conversely, an instantaneous discharge generates a concentration plume that travels 58 

downstream while spreading and attenuating, typically exhibiting a Gaussian distribution 59 

(Abderrezzak et al. 2015; Ramezani et al. 2019). For various initial and boundary conditions, 60 

van Genuchten and Alves (1982) compiled the existing analytical solutions for one-61 

dimensional advection–dispersion equation. Moreover, de Smedt (2006) proposed an 62 

analytical solution for advection–dispersion equation coupled with transient storage and first 63 

order decay. Besides, Hunt (2006) presented asymptotic solutions for one-dimensional 64 

dispersion in rivers. For a mountainous stream featured by riffles and pools, Bencala and 65 

Walters (1983) found that a transient storage model performs well in simulating pollutant 66 

transport dynamics. Note that a transient storage model couples dead storage zones with the 67 

advection–dispersion equation (Bencala and Walters 1983). For a given real-world case, 68 

Schmid (2004) developed conditions in terms of Damköhler index and skewness coefficient 69 

for selecting a suitable modelling framework (transient storage or advection–dispersion) for 70 

pollutant transport dynamics. A numerical algorithm for simulating pollutant transport 71 

dynamics in unsteady flow regimes is proposed by Zhang and Aral (2004). The numerical 72 

experiments revealed that the k− turbulence closure captures the features of three-dimensional 73 

pollutant mixing in rivers (Wilson et al. 2007). Ani et al. (2009) found that the inclusion of a 74 

transient storage term improves the reliability of predicted concentration breakthrough curves. 75 

Employing a one-dimensional advection–dispersion model, the spatiotemporal distribution of 76 

pollutant concentrations resulting from accidental releases in rivers is examined by Guo and 77 

Cheng (2019). Zhang et al. (2026) developed a physics-informed neural network framework 78 

for simulating pollutant transport dynamics in vegetated flows. Literature suggests that the 79 

downstream transport of pollutants in rivers is primarily governed by advection and dispersion 80 

processes. The longitudinal dispersion coefficient plays a pivotal role in determining the 81 

accuracy and uncertainty of pollutant transport simulations (Chapra 1997). It accounts for the 82 

combined effects of channel geometry, velocity variations, turbulence, and transverse mixing 83 

(Chapra 1997). Accordingly, a reliable estimate of the longitudinal dispersion coefficient is 84 

required to simulate pollutant transport dynamics in rivers (Fischer 1967; Fischer et al. 1979; 85 

Noori et al. 2021). 86 

The direct methods, such as the method of moments, routing procedure, Krenkel and 87 

Chatwin graphical method, crown of concentration method, etc., employ the field tracer 88 

concentration data to estimate longitudinal dispersion coefficient (Oliveira et al. 2017). The 89 

requirement of field concentration data in direct methods encourages the use of empirical 90 

formulations. The empirical formulations use hydraulic and geometric parameters to predict 91 

the longitudinal dispersion coefficient. The seminal work of Taylor (1953) demonstrated that 92 
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the spreading of solute in a laminar flow can be represented as an equivalent diffusion process. 93 

Subsequently, Taylor (1954) extended the theory to turbulent pipe flows and proposed a 94 

formulation to estimate the effective longitudinal dispersion coefficient. Building on Taylor’s 95 

(1954) pioneering work, Elder (1959) proposed one of the earliest formulations of longitudinal 96 

dispersion coefficient for open channel flows. Presuming a uniform flow in an infinitely wide 97 

channel, he expressed longitudinal dispersion coefficient in terms of the shear velocity and 98 

flow depth. Nonetheless, owing to the negligence of the transverse velocity gradients, the 99 

Elder’s (1959) formulation found limited applicability in natural scenarios. Employing field 100 

data from 18 watercourses, McQuivey and Keefer (1974) identified that the longitudinal 101 

dispersion coefficient remains inversely proportional to the longitudinal bed slope. Fischer 102 

(1967) recognized the influence of lateral mixing on longitudinal dispersion in natural streams. 103 

Employing multi-regression techniques, Seo and Cheong (1998) analysed concentration profile 104 

data from 26 watercourses in United States. They identified that, in addition to hydraulic 105 

parameters, the channel aspect ratio controls the magnitude of longitudinal dispersion 106 

coefficient. Using field data from literature, Wang and Huai (2016) employed log-linear 107 

regression to propose a formulation for the longitudinal dispersion coefficient.  108 

In recent years, owing to advancements in computational intelligence, soft computing and 109 

machine learning techniques have been used for predicting the longitudinal dispersion 110 

coefficient. For instance, approaches such as artificial neural networks, fuzzy inference 111 

systems, support vector machines, adaptive neuro-fuzzy inference systems, and gene-112 

expression programming have been employed to model the intricate nonlinear relationships 113 

between flow characteristics and longitudinal dispersion coefficient (Tayfur and Singh 2005; 114 

Tayfur 2006; Toprak and Cigizoglu 2008; Noori et al. 2009; Sahay and Dutta 2009; Sahay 115 

2011; Etemad-Shahidi and Taghipour 2012). In addition, several studies explored hybrid 116 

optimization and evolutionary algorithms to further improve the prediction accuracy of the 117 

longitudinal dispersion coefficient (Najafzadeh and Tafarojnoruz 2016; Balf et al. 2018; 118 

Parsaie et al. 2018; Memarzadeh et al. 2020). However, considerable uncertainty remains 119 

regarding the reliability of existing formulations (Noori et al., 2016). To this end, Seifi and 120 

Riahi-Madvar (2019) compiled a comprehensive tracer study database comprising 121 

measurements from laboratory flumes and natural rivers worldwide. Subsequently, Noori et al. 122 

(2021) conducted a detailed reliability assessment and demonstrated that the relative 123 

importance of aspect ratio and friction depends strongly on channel geometry. It is observed 124 

that, in narrow streams, the pollutant transport dynamics is controlled by the channel aspect 125 

ratio (Etemad-Shahidi and Taghipour 2012, Noori et al. 2021). On the other hand, the shear 126 

velocity ratio governs the pollutant dynamics in wide channels (Etemad-Shahidi and Taghipour 127 

2012, Noori et al. 2021). The findings suggest that a single universal dispersion equation is 128 

unlikely to be applicable across all river geometries.  129 

The discussion reveals that numerous formulations were developed for longitudinal 130 

dispersion coefficient in rivers (Koussis and Rodríguez-Mirasol 1998; Iwasa and Aya 1991; 131 

Seo and Cheong 1998; Deng et al. 2001; Kashefipour and Falconer 2002). The existing 132 

formulations for the longitudinal dispersion coefficient are compiled in Ghaemi et al. (2021). 133 

In addition, the preceding discussion highlights the importance of pollutant transport dynamics 134 

in rivers, which motivated extensive investigation by researchers. However, there remains 135 

scope for further analysis. Most of the existing formulations for longitudinal dispersion 136 

coefficient used data from both narrow and wide channels. However, the underlying dispersion 137 

mechanism is sensitive to the channel regimes (Etemad-Shahidi and Taghipour 2012, Noori et 138 

al. 2021), making a unified treatment potentially inadequate. In addition, the numerical studies 139 

reveal that no single existing longitudinal dispersion coefficient formulation performs well for 140 

both experimental and field datasets (Abderrezzak et al. 2015). Some formulations are suitable 141 

for experimental conditions, while others provide better predictions for field conditions 142 
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(Abderrezzak et al. 2015). Moreover, the pollutant transport dynamics associated with 143 

instantaneous and continuous release scenarios across different channel geometries warrant 144 

detailed investigation. 145 

 146 

Table 1 A few existing formulations for longitudinal dispersion coefficient K  147 

 148 

 149 

 The present study therefore endeavours to propose new empirical formulations for 150 

longitudinal dispersion coefficient in narrow and wide channel regimes. The threshold 151 

separating narrow and wide channel regimes is determined from the observed trends in field-152 

derived dispersion coefficients. Subsequently, the proposed formulation for dispersion 153 

coefficient is used in the one-dimensional advection−dispersion equation to simulate the 154 

pollutant transport dynamics for instantaneous and continuous release scenarios. Finally, the 155 

pollutant concentration profiles are compared with the existing studies. 156 

Reference Method Longitudinal dispersion coefficient K  

Elder (1959) Empirical 5.93  

Fischer (1967) Empirical 2 10.011  −  

Liu (1977) Empirical 2 0.50.18  −  

Koussis and Rodriguez-

Mirasol (1988) 

Empirical 20.6   

Iwasa and Aya (1991) Empirical 1.52   

Seo and Cheong (1998) Empirical 0.62 0.435.92  −  

Li et al. (1998) Empirical 20.55 h −  

Kashefipour and Falconer 

(2002) 

Empirical 0.62 0.572 1[7.428 1.775 ]   −+  

Sahay and Dutta (2009) Genetic algorithm 0.96 0.252   

Etemad-Sahidi and 

Taghipour (2012) 

Model tree 0.78 0.8915.49  ,   30.6 

0.61 0.1514.12  ,  > 30.6 

Li et al. (2013) Differential 

evolution algorithm 

0.76 0.472.28   

Zeng and Huai (2014) Empirical 0.7 0.135.4  −  

Wang and Huai (2016) Empirical 0.36 0.1617.65  −  

Alizadeh et al. (2017) Particle swarm 

optimization 

1.21 0.9255.32  ,   28 

0.19 0.89.93  − ,  > 28 

Ukpaka and Agunwamba 

(2024) 

Empirical 0.012 0.05621.16 −  
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 157 

A new formulation for longitudinal dispersion coefficient 158 

 159 

The longitudinal dispersion coefficient K is a physical parameter used to model the spreading 160 

of pollutants in fluvial systems. The spreading of pollutants in natural scenarios is dependent 161 

on the geometric and kinematic properties of the flows (Seo and Cheong 1998). The 162 

dimensional analysis reveals that the dimensionless dispersion coefficient K  [= K(uh)–1] can 163 

be expressed in terms of the shear velocity ratio  (= *u u
–1) and channel aspect ratio  (= wh

–164 
1) (Seo and Cheong 1998; Wang and Huai 2016). Here, the u denotes the uniform flow velocity, 165 

h is the flow depth, u* is the shear velocity, and w represents the channel width. A few existing 166 

formulations for the longitudinal dispersion coefficient are presented in Table 1. The hydraulic 167 

aspects of narrow channels⎯that manifests velocity dip phenomenon⎯differs from the wide 168 

channels (Dey 2024). Hence, herein, we propose a regime-based formulation for K . It reads 169 

 170 

 a b
K =  (1) 171 

 172 

where  is a coefficient, and a and b are exponents. Note that, herein, the channels are 173 

classified as narrow and wide for   10 and  > 10, respectively (Isma et al. 2025). To obtain 174 

, a and b, we perform a regression analysis employing ample field data from literature. The 175 

regression analysis employs 105 data plots characterizing a wide range of flow and geometric 176 

conditions (Sooky 1969; Godfrey and Frederick 1970; Yotsukura et al. 1970; Yotsukura and 177 

Cobb 1972; McQuivey and Keefer 1974; Nordin and Sabol 1974; Devens et al. 2006; Ribeiro 178 

et al. 2010; Oliveira 2013; Pereira et al. 2016; Wang and Huai 2016; Oliveira et al. 2017; Palu 179 

and Julien 2019). The employed data plots are made available as electronic supplementary 180 

material. For narrow and wide channels, the regression analysis offers , a and b as (1.11, 181 

12.98), (1.13, 0.18), and (0.27, − 0.65), respectively. The overall coefficient of determination 182 

and root mean square error are found to be 0.83 and 35.14, respectively. These estimates 183 

advocate that the proposed model is more reliable compared to the existing ones (Alizadeh et 184 

al. 2017). 185 

 186 

Numerical framework 187 

 188 

The pollutant transport in fluvial systems is governed by the advection−dispersion equation. 189 

Literature suggests that the pollutant transport in fully developed flows can be modelled 190 

employing a one-dimensional approach (da Silva et al. 2025). The advection−dispersion 191 

equation in one-dimensional form reads 192 

 193 

 
2

2

c c
u K

t x

c

x

  
+ =

  
 (2) 194 

 195 

where c denotes the depth-averaged pollutant concentration, t is the time, and x measures the 196 

longitudinal distance. The advection and diffusion terms in Eq. (2) model the transport and 197 

spreading of pollutants, respectively. Herein, we solve Eq. (2) numerically employing finite 198 

difference method. The discretized equation reads 199 

 200 

 
1 2

1 1 1 1 2 1 10.5 ( ) (0.5 )( 2 )n n n n n n n

i i i i i i i
c c cc c c c  +

+ − + −= − − + + − +  (3) 201 

 202 
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where (i, n) represent spatial grid point and time level, respectively, 1 [= ut(x)–1] and 2 [= 203 

Kt(x)–2] are Courant number and dispersion number, respectively, and t and x are 204 

temporal and spatial step size. Note that the advection term, owing to hyperbolic nature, is 205 

discretized employing the explicit Lax−Wendroff scheme (Hoffman and Chiang 2000). A full 206 

Lax−Wendroff treatment needs higher order derivatives and longer stencil. Hence, the 207 

diffusion term uses central difference with forward Euler time stepping (Hoffman and Chiang 208 

2000). The discretization of advection term is second-order accurate in time and space, whereas 209 

the diffusion term discretization is first-order accurate in time. Accordingly, the employed 210 

scheme has first and second-order accuracies in time and space, respectively.  211 

 A von Neumann stability analysis suggests that the Lax–Wendroff scheme coupled with 212 

explicit diffusion is conditionally stable. The stability criteria reads 2

1  + 22  1. Note that the 213 

derived stability criteria  is used to select a suitable computational time step. The discretized 214 

equation is employed to simulate pollutant transport for two cases: instantaneous release of 215 

pollutants and continuous release of pollutants. For instantaneous release of pollutants, the 216 

initial condition is presumed in the form of a Gaussian function centered at x0. It reads 217 

 218 

 
2 2

0 0( ,0) exp 5 ],[ 0. ( ) 0 Lc x c x x x −= − −  (4) 219 

  220 

where c0 is the initial peak concentration,  indicates the standard deviation of the Gaussian 221 

function modelling the initial spread of pollutants, and L denotes the length of the stretch. In 222 

addition, the boundary conditions for the instantaneous release case are taken as c(0, t) = 0 and 223 

dc(dx)–1|x=L = 0. The initial condition for the continuous release case is presumed as c(x, 0) = 0 224 

for 0 < x < L. Besides, for continuous release, the boundary conditions are taken as follows: 225 

c(0, t) = (cs, 0) for (0 < t  td, t > td), where cs denotes the pollutant concentration at source and 226 

td indicates the time interval for release. Akin to the instantaneous release case, we consider a 227 

vanishing concentration gradient at the downstream. Finally, we perform a grid sensitivity 228 

analysis. It is observed that the results become independent of the grid size for x < 2 m. Hence, 229 

the computations are performed considering x equalling 1 m. 230 

 231 

Results and discussion 232 

 233 

Firstly, we examine the robustness of the proposed model for the longitudinal dispersion 234 

coefficient. To this end, Fig. 1 furnishes a comparison of the predicted and observed values of 235 

the dimensionless dispersion coefficient K . The observed field data are taken from Sooky 236 

(1969), Yotsukura et al. (1970), Godfrey and Frederick (1970), Yotsukura and Cobb (1972), 237 

McQuivey and Keefer (1974); Nordin and Sabol (1974), Devens et al. (2006), Ribeiro et al. 238 

(2010), Oliveira (2013), Pereira et al. (2016), Oliveira et al. (2017), and Palu and Julien (2019). 239 

The considered dataset includes both narrow and wide regimes of the streams. The solid line 240 

highlights the line of best agreement. Conversely, the broken lines manifest  20% error bands. 241 

We observe that most of the field data plots fall within the error bands. The inset presents an 242 

enlarged view of the data plots clustered up to K  equalling 20. In general, the predictions are 243 

congruent with the field observations. The deviations may be ascribed to the uncertainties in 244 

the field measurements.  245 

It is interesting to compare the proposed formulation for dimensionless dispersion 246 

coefficient K  with existing relations. Towards that end, Figs. 2−3 present the variations of K  247 

with the shear velocity ratio  for narrow and wide channels, respectively. The channel aspect 248 

ratios  for narrow and wide channels are taken as 5 and 20, respectively. The formulations 249 

proposed by Elder (1959), Fischer (1967), Liu (1977), Koussis and Rodríguez-Mirasol (1998), 250 
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Iwasa and Iya (1991), Seo and Cheong (1998), Li et al. (1998), Kashefipour and Falconer 251 

(2002), Sahay and Dutta (2009), Etemad-Shahidi and Taghipour (2012), Li et al. (2013), Zeng 252 

and Huai (2014), Wang and Huai (2016), Alizadeh et al. (2017), and Ukpaka and Agunwamba 253 

(2024) are considered for comparison (also in Fig. 4). We observe that the K  manifests 254 

differing behavior in narrow and wide channels. In a narrow channel, the K  augments as the 255 

 increases. Conversely, the K  in a wide channel decline with an augmentation in . An 256 

increase in  is associated with an amplification in the near-bed velocity gradient (Dey et al. 257 

2023; 2024). Consequently, the reinforcement of differential advection between adjacent fluid 258 

layers enhances shear-induced dispersion. The shear-induced dispersion promotes the 259 

longitudinal spreading of pollutants causing an increase in K . The contrasting behavior 260 

observed in wide channels may be owing to the dominance of transverse turbulent mixing over 261 

shear-induced spreading. The augmented lateral and vertical mixing in a wide channel 262 

promotes rapid homogenization of the pollutant concentration across the channel cross-section. 263 

Consequently, the K  diminishes. A look at Figs. 2−3 reveal substantial variability in the K  264 

obtained from the various existing relations. Moreover, it is evident that the existing relations 265 

fail to capture the contrasting behaviors of the K  in narrow and wide channels. The observation 266 

suggests that, compared to the existing relations, the proposed formulation provides a more 267 

reliable representation of dispersion behavior, particularly in distinguishing between narrow 268 

and wide channel regimes. 269 

 270 

 271 
 272 

Fig. 1 Comparison of the predicted dimensionless dispersion coefficient K  with the observed 273 

field data of various authors. 274 

 275 
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 276 
 277 

Fig. 2 Variations of the predicted dimensionless dispersion coefficient K  with the shear 278 

velocity ratio  in a narrow channel. The formulations proposed by Elder (1959), Fischer 279 

(1967), Liu (1977), Iwasa and Iya (1991), Koussis and Rodríguez-Mirasol (1998), Seo and 280 

Cheong (1998), Li et al. (1998), Kashefipour and Falconer (2002), Sahay and Dutta (2009), 281 

Etemad-Shahidi and Taghipour (2012), Li et al. (2013), Zeng and Huai (2014), Wang and Huai 282 

(2016), Alizadeh et al. (2017), and Ukpaka and Agunwamba (2024) are considered for 283 

comparison. 284 

 285 

The comparison with the considered existing relations reveals that, in narrow channels for 286 

selected range of the shear velocity ratio, the formulations proposed by Seo and Cheong (1998), 287 

Kashefipour and Falconer (2002), Sahay and Dutta (2009), Li et al. (2013), Wang and Huai 288 

(2016), Zeng and Huai (2016), and Ukpaka and Agunwamba (2024) overpredict the K  (Fig. 2 289 

and 4). On contrary, the formulations proposed by Elder (1959) and Koussis and Rodríguez-290 

Mirasol (1998) underpredicts the K  in narrow channels (Fig. 2 and 4). Besides, the 291 

formulations of Iwasa and Iya (1991), Etemad-Shahidi and Taghipour (2012), and Alizadeh et 292 

al. (2017) underpredicts and overpredicts the K  for lower and higher values, respectively, of 293 
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the selected range of the shear velocity ratio (Fig. 2 and 4). Conversely, the reverse is true for 294 

Fischer (1967) and Li et al. (1998) (Fig. 2 and 4). 295 

 For wide channels in selected range of the shear velocity ratio, majority of the considered 296 

formulations for comparison⎯ Elder (1959), Fischer (1967), Iwasa and Iya (1991), Li et al. 297 

(1998), Sahay and Dutta (2009), Etemad-Shahidi and Taghipour (2012), Li et al. (2013), Zeng 298 

and Huai (2014), Alizadeh et al. (2017), and Ukpaka and Agunwamba (2024)⎯underpredicts 299 

the K  (Fig. 3 and 4). Conversely, Liu’s (1977) formulation overpredict the K  (Fig. 3 and 4). 300 

In addition, the relations proposed by Koussis and Rodríguez-Mirasol (1998), Seo and Cheong 301 

(1998), and Wang and Huai (2016) underpredict and overpredict the K  for lower and higher 302 

magnitudes of the shear velocity ratio, respectively (Fig. 3 and 4). On the other hand, the 303 

reverse is true for Kashefipour and Falconer (2002) (Fig. 3 and 4). 304 

 305 

 306 
 307 

Fig. 3 Variations of the predicted dimensionless dispersion coefficient K  with the shear 308 

velocity ratio  in a wide channel. The formulations proposed by Elder (1959), Fischer (1967), 309 

Liu (1977), Iwasa and Iya (1991), Koussis and Rodríguez-Mirasol (1998), Seo and Cheong 310 

(1998), Li et al. (1998), Kashefipour and Falconer (2002), Sahay and Dutta (2009), Etemad-311 

Shahidi and Taghipour (2012), Li et al. (2013), Zeng and Huai (2014), Wang and Huai (2016), 312 

Alizadeh et al. (2017), and Ukpaka and Agunwamba (2024) are considered for comparison. 313 
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 314 

 315 
 316 

Fig. 4 Variations of the predicted dimensionless dispersion coefficient K  with the channel 317 

aspect ratio . The formulations proposed by Elder (1959), Fischer (1967), Liu (1977), Iwasa 318 

and Iya (1991), Koussis and Rodríguez-Mirasol (1998), Seo and Cheong (1998), Li et al. 319 

(1998), Kashefipour and Falconer (2002), Sahay and Dutta (2009), Etemad-Shahidi and 320 

Taghipour (2012), Li et al. (2013), Zeng and Huai (2014), Wang and Huai (2016), Alizadeh et 321 

al. (2017), and Ukpaka and Agunwamba (2024) are considered for comparison. 322 

 323 

It is intriguing to examine the sensitivity of the dimensionless longitudinal dispersion 324 

coefficient K  with the channel aspect ratio . To this end, Fig. 4 furnishes the variations of the 325 

dimensionless dispersion coefficient K  with the channel aspect ratio . The shear velocity ratio 326 

 is considered equalling 0.1. We find that, for a given , an increase in  leads an amplification 327 

in K . The observation may be ascribed to the amplified differential advection triggered by the 328 

lateral velocity non-uniformity. The abrupt change in the predicted dispersion coefficient at  329 

equalling 10 reflects the threshold employed in the proposed model to delineate narrow and 330 

wide channel regimes. Note that Etimad-Shahidi and Taghipour (2012) and Alizadeh et al. 331 

(2017) considered this threshold equal to 30.6 and 28, respectively. However, the present study 332 
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presumes narrow-wide threshold at 10. The consideration indeed offers better alignment with 333 

the available field data as discussed in the previous section. For narrow channels, the present 334 

predictions closely resemble with Fischer (1967), Iwasa and Iya (1991), Li et al. (1998), 335 

Koussis and Rodríguez-Mirasol (1998), and Alizadeh et al. (2017). On the other hand, for wide 336 

channels, the predictions are close to Kashefipour and Falconer (2002) and Alizadeh et al. 337 

(2017). The observed inconsistencies in the predictions of existing relations may be attributable 338 

to their neglect of the threshold governing the transition from narrow to wide channel behavior. 339 

 340 

 341 
 342 

Fig. 5 Pollutant concentration profiles in a narrow channel with instantaneous pollutant 343 

release: (a) at various spatial locations and (b) at different time instants. 344 

 345 

We now employ the proposed formulation for dimensionless dispersion coefficient to model 346 

the pollutant dispersion in streams. Herein, we consider two pollutant release scenario: 347 

instantaneous release and continuous release. Firstly, we consider the instantaneous release 348 

case. The pollutant release scenarios, such as accidental chemical spills, leakage of hazardous 349 

materials from pipelines, untreated wastewater release due to treatment failure, etc., are typical 350 

examples of instantaneous release. We found that the dynamics of dispersion differ in narrow 351 

and wide channels. Accordingly, the pollutant dispersion in narrow and wide channels are 352 

simulated separately. Fig. 5 presents the pollutant concentration profiles at various spatial 353 

locations and time instants for a narrow channel with aspect ratio  equalling 6. The length of 354 

the reach is taken as 6 km. The initial peak concentration c0 and the standard deviation of the 355 
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Gaussian function  are presumed as 100 mg/l and 30, respectively. The Gaussian function is 356 

considered to be centered at x0 equal to 200 m. The shear velocity ratio  is taken as 0.08. We 357 

observe that, for a given spatial location or time instant, the concentration profile manifests a 358 

peak magnitude. However, the dispersion induced spreading causes the concentration peak to 359 

decline as the pollutant plume travels downstream. 360 

 For continuous release of pollutants, Fig. 6 furnishes pollutant concentration profiles in a 361 

narrow channel with aspect ratio  equal to 6. The consideration resembles intermittent effluent 362 

discharges in streams. The shear velocity ratio  is presumed to be 0.08. We consider a 363 

continuous pollutant release for 1.5 h with concentration at source equalling 100 mg/l. A look 364 

on the concentration profiles reveal that the dispersion dynamics for continuous release case 365 

differs than that of the instantaneous release case. The continuous pollutant release in a narrow 366 

channel does not exhibit a well-defined concentration peak. Rather, the concentration remains 367 

at its maximum magnitude over a finite temporal interval and spatial extent, forming a broad 368 

plateau due to the sustained supply of contaminant mass. For the considered duration of 369 

simulation, we do not observe any decay in the pollutant concentration peak. This may be 370 

ascribed to the dominance of advection over diffusion for continuous release scenarios in 371 

narrow channels. 372 

 373 

 374 
 375 

Fig. 6 Pollutant concentration profiles in a narrow channel with continuous pollutant release: 376 

(a) at various spatial locations and (b) at different time instants. 377 

 378 
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 We now switch our attention to the case of wide streams. Fig. 7 presents the pollutant 379 

concentration profiles in a wide channel with instantaneous release of pollutant. Akin to the 380 

instantaneous release in narrow channels, the peak initial concentration c0, standard deviation 381 

of the Gaussian function , and center of the Gaussian function x0 are considered as 100 mg/l, 382 

30, and 200 m, respectively. The length of the stretch is presumed to be 10 km. The shear 383 

velocity ratio  and channel aspect ratio  are taken as 0.08 and 30, respectively. We observe 384 

that the attenuation of the concentration profile peaks is more pronounced in wide channels 385 

than in narrow channels. This is owing to the augmented dispersion coefficient, which 386 

promotes greater spreading and dilution of the pollutant plume. Moreover, we found that the 387 

concentration profiles recorded at a given location display a shorter rising limb and a longer 388 

falling limb. This implies a relatively rapid arrival of the pollutant plume followed by a gradual 389 

decline in concentration due to dispersion and dilution. 390 

 391 

 392 
 393 

Fig. 7 Pollutant concentration profiles in a wide channel with instantaneous pollutant release: 394 

(a) at various spatial locations and (b) at different time instants. 395 

 396 

 Finally, we examine the continuous pollutant release scenario in a wide channel with 397 

channel aspect ratio  equalling 30 (Fig. 8). The shear velocity ratio  is presumed to be 0.08. 398 

The pollutant with concentration 100 mg/l is released for 1.5 h. Unlike continuous release 399 

scenario in narrow channels, the concentration profiles herein manifest a significant decay of 400 

peak concentration. This is due to the augmentation in dispersion coefficient for wide channels. 401 
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Moreover, we observe a sharp front in concentration profile at x equal to 1 km. This may be 402 

ascribed to the initial dominance of advection over dispersion. The appearance of the sharp 403 

front is congruent with the canonical observations (Wallis and Manson 2004; Ani et al. 2009). 404 

The continuous release of pollutants maintains a higher peak concentration than that observed 405 

in the instantaneous release case due to the sustained input of contaminant mass into the flow. 406 

 407 

 408 
 409 

Fig. 8 Pollutant concentration profiles in a wide channel with continuous pollutant release: (a) 410 

at various spatial locations and (b) at different time instants. 411 

 412 

 It is pertinent to compare the predictions of the employed numerical model with the existing 413 

analytical solution (Guymer 1998; Jirka and Weitbrecht 2005; Chin 2006) for the instantaneous 414 

pollutant release scenario. To this end, Fig. 9 furnishes a comparison of the numerical 415 

predictions on concentration profiles with the classical analytical solution. The length of the 416 

reach, initial pollutant concentration, channel aspect ratio, and shear velocity ratio are 417 

considered as 25 km, 49.88 g/l, 20, and 0.1, respectively. The standard deviation of the 418 

Gaussian function is taken as 100. We discover that the numerical predictions with the 419 

proposed formulation for dispersion coefficient are congruent with the analytical solution. This 420 

highlights the reliability of the proposed model for dispersion coefficient. The numerical 421 

solution predicts slightly lower peak concentrations than the analytical solution, which may be 422 

attributed to the numerical diffusion introduced by the discretization scheme. Numerical 423 

diffusion smoothens the concentration gradients, resulting in attenuation of the concentration 424 
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peak and a broader pollutant plume. Furthermore, the analytical concentration profiles exhibit 425 

a slight lag relative to the numerical profiles. This discrepancy may arise from the differences 426 

in the treatment of advection and dispersion processes in analytical and numerical approaches.  427 

 428 

 429 
 430 

Fig. 9 Comparison of the numerically estimated pollutant concentration profiles with the 431 

existing analytical solution for instantaneous release scenario. 432 

 433 

 434 
 435 

Fig. 10 Comparison of the numerically estimated pollutant concentration profiles with the field 436 

observations of Atkinson and Devis (2000). 437 

 438 
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 Finally, we compare the numerical predictions with the field observations of Atkinson and 439 

Devis (2000) (Fig. 10). Atkinson and Devis (2000) performed field tracer studies in a selected 440 

reach of the Severn River. The field measurements are taken over a stretch of 13.775 km. Note 441 

that the numerical predictions are obtained considering field measurements at x equal to 210 m 442 

as initial condition. In general, the numerical predictions are in agreement with the field 443 

observations. However, compared to numerical predictions, the field observations manifest 444 

slightly lower magnitudes of peak concentration. Moreover, the observed concentration 445 

profiles appear to lead the concentration profiles obtained from the numerical framework. The 446 

discrepancy may be attributed to the enhanced dilution, transient storage, lateral inflows, and 447 

other mixing processes that are disregarded in the numerical framework. The leading 448 

concentration profiles suggest faster pollutant transport in the field, possibly due to spatial 449 

variability in flow velocity, preferential flow paths, or uncertainties in the estimated hydraulic 450 

and dispersion parameters. 451 

 452 

Conclusions 453 

 454 

We examine the pollutant transport dynamics in rivers. Firstly, we propose new formulations 455 

for longitudinal dispersion coefficient in narrow and wide channels. Based on the observed 456 

trends in field-derived datasets, the threshold for demarcating narrow and wide channels is set 457 

at channel aspect ratio equalling 10. The developed formulations unveil that the longitudinal 458 

dispersion coefficient has a nonlinear dependency on the channel aspect ratio and shear velocity 459 

ratio. Finally, the robustness of the proposed formulations is evaluated through comparison 460 

with several existing formulations reported in the literature. 461 

 We then employ the proposed formulations of dispersion coefficient in one-dimensional 462 

advection−dispersion equation to simulate the pollutant concentration profiles. The numerical 463 

simulations are performed for instantaneous and continuous pollutant release scenarios in 464 

narrow and wide channels. The pollutant concentration profiles in a narrow channel with 465 

instantaneous release manifest a distinct peak concentration. Conversely, for continuous 466 

release scenario, the pollutant concentration remains at its maximum magnitude for a finite 467 

temporal interval and spatial extent. The observation may be ascribed to the sustained input of 468 

pollutant and dominance of advection compared to dispersion in narrow channels. For 469 

instantaneous release case, the enhanced dispersion in wide channels causes the intensified 470 

attenuation of the concentration peak. Unlike the observed peak concentration for finite time 471 

interval and spatial extent for continuous release case in narrow channels, the wide channels 472 

characterize a decay of peak concentration. The predicted pollutant concentration profiles are 473 

congruent with the classical analytical solution and field observations of Atkinson and Devis 474 

(2000). 475 

 In essence, this study offers a reliable formulation for longitudinal dispersion coefficient. 476 

Moreover, the study unveils the dynamics of pollutant transport for instantaneous and 477 

continuous pollutant release scenarios in narrow and wide channels. However, herein, the 478 

effects of river curvature, floodplain exchange, and vegetation resistance are disregarded. In 479 

addition, this study does not account for reactive transport processes such as decay, 480 

transformation, or biogeochemical interactions. Besides, the omnipresent three-dimensional 481 

aspects are not considered herein. These aspects may be explored in future studies to further 482 

enhance the applicability and robustness of the proposed framework. 483 

 484 
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