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Abstract. Real aquifers are structured as hierarchical sedimentary systems, where multiscale heterogeneity and geometric 

connectivity jointly govern groundwater flow and solute migration. Although the general influence of heterogeneity has been 20 

extensively investigated, the scale-dependent effects of hierarchical organization, particularly under basin-scale flow 

conditions, remain inadequately quantified. In this study, we reconstructed a series of three-dimensional heterogeneous 

sedimentary architectures at the basin scale and performed numerical simulations to explore solute dispersion behaviour. The 

results reveal that the geometry and connectivity of dominant lithofacies at larger scale control macrodispersivity, while finer 

scale heterogeneity has only a secondary influence on plume evolution. Furthermore, the evolution of macrodispersivity is 25 

characterized by a prolonged pre-asymptotic phase, approaching a quasi-steady state after around 5000 days, with an 

asymptotic stability value of 170m170 m. This timescale is nearly 10 times longer than that inferred from the Borden site, 

where macrodispersivity stabilizes at around 0.4m4 m after approximately 400 days. This indicates that basin-scale solute 

transport remains non-ergodic over extended times and distances. Uncertainty analysis further identifies a distinct buffering 
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effect inherent to basin systems, in which the aggregation of numerous flow pathways dampens realization-to-realization 30 

variability caused by local heterogeneity. When integrated with previously reported laboratory- and sandbox-scale results from 

the same site, these findings establish a transferable framework linking hierarchical sedimentary architecture to multiscale 

dispersion and uncertainty. This framework advances theoretical understanding of non-Fickian transport and provides practical 

guidance for large-scale modeling and groundwater management in data-limited regions. 

1. Introduction 35 

The study of solute transport in heterogeneous porous media remains a central challenge in hydrogeology, with 

significant implications for groundwater science and engineering (Faroughi et al., 2023; Hansen and Berkowitz, 2020; Lee et 

al., 2018). Decades of field investigations, including the Borden, Cape Cod, MADE and Hanford tracer tests, and laboratory 

experiments have consistently demonstrated that spatial heterogeneity strongly governs plume migration, leading to non-

Fickian dispersion, anomalous breakthrough behaviour, and scale-dependent transport parameters (Sudicky, 1986; Garabedian 40 

et al., 1991; Boggs et al., 1992; Berkowitz et al., 2006; Botter et al., 2008; Chen et al., 2010, 2012; Agbotui et al., 2025; Tellam 

and Barker, 2006).  

Scheibe and Freyberg (1995) systematically introduced the concept of hierarchical organization from sedimentology into 

hydrogeology to characterize aquifer heterogeneity. They pointed out that aquifer heterogeneity is not a single-scale problem 

but rather results from the nested and superimposed geological units at different hierarchical levels (e.g., micro-, meso-, and 45 

macro-facies). Conceptually, this hierarchical-architecture view is consistent with sequence stratigraphy, which also organizes 

depositional heterogeneity in a nested manner through stratigraphic surfaces and stacking patterns. In practice, although 

stochastic theories and numerical upscaling frameworks have provided valuable tools to connect flow and mixing processes 

across spatial and temporal domains, many studies continue to compress heterogeneity into effective parameters (Dagan, 1984; 

Gelhar, 1992; Dentz et al., 2011). Such simplification obscures the mechanistic role of multiscale sedimentary architecture in 50 

shaping flow pathways and controlling plume dynamics, and can bias spreading and mixing-relevant predictions (Fitts, 1996; 

Neuman and Tartakovsky, 2009; Dentz et al., 2023; Lester et al. 2016; Yin et al., 2023).  

To elucidate the mechanisms underlying scale dependent transport in the heterogeneous porous media, a series of 

Lagrangian-based models has been developed within the hierarchical-architecture framework. By characterizing the spatial 

organization of lithofacies across multiple scales, these models systematically integrate the multiscale heterogeneities into a 55 

unified representation, quantitatively linking sedimentary attributes (such as lithofacies volume proportion, mean length, and 

statistics of hydraulic conductivity) to transport metrics (such as dispersion and mixing). They have been successfully tested 

in laboratory and site-scale experiments (Soltanian et al., 2015b; Dai et al., 2020; Jia et al., 2023; Ma et al., 2025). Recent work 

further emphasizes that the role of lithofacies geometric attributes, particularly mean length and connectivity, control solute 

dispersion and mixing in alluvial systems (Ramanathan et al., 2008; Soltanian et al., 2020; Ershadnia et al., 2021; Soltanian et 60 

al., 2017). High-resolution numerical simulations within this framework provide more intuitive and detailed information on 

https://scholar.google.com/citations?user=JFt_v0UAAAAJ&hl=zh-CN&oi=sra
https://scholar.google.com/citations?user=flmNuNwAAAAJ&hl=zh-CN&oi=sra
https://scholar.google.com/citations?user=dJBtvLoAAAAJ&hl=zh-CN&oi=sra
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flow trajectories and interfacial reaction processes, thereby validating and supplementing the assumptions of the theoretical 

models (Ren et al., 2022).   

However, To date, the validation of most Lagrangian-based models, along with their associated simulation efforts, has 

primarily been conducted at the laboratory or site scale. For regional to basin scale solute transport at the regional scale or 65 

basin-scale with processes involving long travelmigration distances and laterally extensive pathways still lacks flow paths, 

there remains a lack of quantitative characterization explicitly constrained by hierarchical sedimentary architecture. To date, 

most Lagrangian-based models’ validation and related simulation work have been conducted at laboratory or site scales. Over 

the past decade, kilometer- to basin-scale investigations have also begun to transition from simplified effective-parameter 

descriptions towardstructures. Although recent high-resolution, architecture-resolved analyses. Architectural 70 

attributesstructure-resolving analytical approaches have shown that lithofacies geometry, connectivity, and conductivity (K) 

statistics have been shown tocontrasts can organize macroscopic dispersion and non-Fickian behaviour: high-resolution and 

architecture-resolved models built in the Llagas groundwater subbasin link lithofacies geometry and connectivity tobehavior 

at kilometer scale, (Carle et al., 2006; Pauloo et al., 2021; Guo et al., 2019), it remains unclear which hierarchical level of 

heterogeneity remains transport-dominant under basin-scale flow conditions, how long pre-asymptotic behavior persists, and 75 

whether the superposition of numerous large-scale pathways amplifies or buffers predictive uncertainty.  

Against this background, this study uses the Qiqihar aquifer system as a basin-scale testbed and combines hierarchical 

sedimentary architecture reconstruction with groundwater flow and solute transport simulations to investigate the following 

key questions: (i) Is basin-scale dispersion behavior primarily controlled by dominant large-scale lithofacies structures, or does 

it still require the explicit characterization of heterogeneity at finer scales? (ii) How do the geometry of solute sources, 80 

sedimentary architecture and hydraulic contrasts between lithofacies influence the evolution of macrodispersion and fast 

pathways/tailing contrasts (Carle et al., 2006); kilometer-scale simulations (Pauloo et al., 2021) demonstrate that aquifer 

anisotropy and seasonal recharge/pumping-driven shifts in mean flow direction modulate the non-Fickian tails; and regional 

upscaling research under transient boundaries (Guo et al., 2019) shows that late-time tails cannot be reproduced by the 

multirate mass transfer (MRMT) model calibrated under steady flow because mass transfer between high- and low-K units 85 

varies with boundary-driven internal gradients. Even with these advances, architecture-resolved quantification of 

regional/basin-scale plume evolution underits long-term pre-asymptotic behavior? (iii) Under field-representative basin-scale 

flow conditions, how do structural and hydraulic factors shape transport uncertainty and how uncertainties propagate and 

evolve? By comparing the results of this study with findings from previous laboratory- and field-scale studies conducted within 

the same conceptual framework (Dai et al., 2005; Ramanathan et al., 2010; Soltanian et al., heterogeneity and boundary-driven 90 

gradients remains limited, particularly regarding the persistence of asymptotic behaviour and its uncertainty2015a; Ren et al., 

2023), this study clearly distinguishes which controlling factors possess scale-universality and which factors manifest 

specifically at the basin scale. 

Accordingly, this study integrates hierarchical sedimentary structures characterization, numerical simulations, 

uncertainty analysis, using the Qiqihar aquifer system as a basin-scale testbed. Our objectives are to (i) quantify the relative 95 
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contributions of sedimentary architectural attributes, hydraulic statistics, and source size under field-representative aquifer and 

large-scale flow fields, (ii) identify which hierarchical scales of heterogeneity dominate solute dispersion, and (iii) evaluate 

how structural (model-form) or parametric/data uncertainty propagate to transport predictions across scales. This work aims 

to provide guidance for more reliable predictions of solute transport in field-representative aquifer systems. Furthermore, as 

mentioned above, existing laboratory and site-scale studies have established mechanistic links between facies 100 

geometry/connectivity and solute dispersion (Dai et al., 2005; Ramanathan et al., 2010; Soltanian et al., 2015a). Recent global 

sensitivity analyses further demonstrate that limited aquifer structure parameters and hydraulic conductivity statistics exert 

first-order control on kilometer-scale dispersion (Ren et al., 2023). These findings enable comprehensive comparisons and 

discussions at experimental, field, and basin scales within the same research framework, thereby constructing a complete 

multiscale chain to identify which hierarchical sedimentary architecture and driving factors govern macroscopic spreading and 105 

dispersion across scales. 

The paper is organized as follows: Section 2 introduces the geographic background of the study area, borehole data, and 

sedimentary architecture analysis methods; Section 3 describes the construction of the multiscale heterogeneous structural 

model and the simulation process of solute transport; Section 4 shows the simulation results and conducts uncertainty analysis 

to explore the influence of sedimentary architecture and permeability parameters on solute dispersion; Section 5 summarizes 110 

the main conclusions and outlines future research directions.  

2. Methods 

2.1 Overview of the study area   

The study area is located on the east bank of the Nen River in Qiqihar City, Heilongjiang Province, China (Figure 1a). 

The Nen River defines the western boundary of the study area, and flows from the northeast to the southwest, with a total 115 

length of about 22 km and a width ranging from 400 m to 900 m. The regional terrain is gently inclined, sloping from north to 

south at less than 1‰, which exerts a primary control on groundwater flow direction and results in a general alignment of 

groundwater flow with that of the river. The aquifer system consists of a confined aquifer and a phreatic aquifer. The confined 

aquifer generally contains groundwater of relatively high quality, whereas groundwater contamination is largely concentrated 

in the phreatic aquifer. The present study therefore investigates solute transport processes within the phreatic aquifer to clarify 120 

the mechanisms of solute migration under the influence of sedimentary architecture. 
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Figure 1. (a) Geographic location map of the study area; (b) Boreholes and cross-sections 

A total of 57 boreholes (see in Figure 1b) were collected for this study. According to the borehole data, the phreatic 125 

aquifer is composed of thick Quaternary unconsolidated deposits. The lithofacies of the aquifer is dominated by sandy gravel, 

gravelly medium- to coarse-grained sand, and medium- to fine-grained sand. The aquifer thickness varies from 22.1 m to 56.9 

m, and the depth to the water table varies between 1.75 m and 5.86 m. 

The phreatic aquifer is primarily recharged by infiltration from the Nen River, as river stage is consistently higher than 

the groundwater level. Other recharge includes precipitation infiltration and by lateral inflow from the northern and 130 
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northeastern boundaries. A relatively continuous aquitard, mainly composed of silty clay and clay, is located below this aquifer. 

However, it is locally absent near the Nen River and in the southern part of the study area, forming hydraulic windows that 

allow vertical connectivity between the two aquifer systems. 

At the regional scale (kilometers), the phreatic aquifer exhibits a strongly layer-controlled, multiscale heterogeneity. 

Along the principal groundwater flow direction from upstream to downstream, the dominant lithofacies progressively 135 

transition from gravelly/medium-coarse sand to medium-fine sand. Away from the Nen River and into the floodplain, 

sediments become finer overall, with local development of low-permeability clay–silt lenses Vertically, a pervasive “coarse-

over-fine” organization is observed: the upper section is dominated by gravel and gravelly coarse/medium sand with moderate 

sorting, whereas the lower section consists mainly of medium-fine to fine sand with better sorting. 

2.2 Parameter determination 140 

2.2.1 Sediments heterogeneity parameters 

Eight cross-sections (Figure 1b), oriented parallel to (defined as x-direction, sections 1-4) and perpendicular to (defined 

as y-direction, sections 5-8) the regional groundwater flow, were used to constrain the sedimentary structure characteristics. 

Following the multiscale hierarchical framework proposed by Dai et al. (2004) and Ritzi and Allen King (2007), this study 

divided the lithofacies types of the aquifer into two hierarchical scales (Figure 2). Under this classification, Scale I and Scale 145 

II are used in a relative sense to denote two levels of heterogeneity representation within the same aquifer: Scale I resolves 

finer lithofacies variability, whereas Scale II represents a coarsened description in which Scale I facies are aggregated into 

composite units that preserve the dominant architectural organization. At Scale I, eight mutually exclusive lithofacies were 

defined based on permeability contrasts: gravel (G), coarse sand (CS), medium-coarse sand (MCS), medium sand (MS), 

medium-fine sand (MFS), fine sand (FS), sub-sandy loam (SL), and clayey loam (C). At Scale II, these were aggregated into 150 

three composite units: gravel coarse sand (GCS), medium sand (MFS) and sandy clay (SC). Detailed delineations of the 

lithofacies at Scale I and Scale II are provided in Figures S1-S8 and S9-S16 in the Supplementary materials, respectively. 

From a sedimentological perspective, these sediments are interpreted as a river-alluvial-floodplain system associated with the 

Nen River. Coarse gravel/sand bodies represent channel zone (or paleochannel) deposits, while fine sand containing clay-silt 

lenses represents floodplain and overflow deposits. Statistical analysis of borehole lithofacies characteristics also revealed a 155 

lateral grain size reduction towards downstream from the river, and a prevalent vertical structure of coarse sand overlaying 

fine sand in the aquifer. 
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Figure 2. Schematic diagram of lithofacies composition of the layered structural model of Qiqihar phreatic 

aquifer 160 

The heterogeneous architecture models were produced via conditional stochastic simulation method under a transition-

probability Markov-chain scheme, constrained by 57 boreholes and parameterized by lithofacies volume proportions and mean 

lengths. The lithofacies volume proportions (P) define the stationary occurrence probabilities of each lithofacies, while the 

directional mean lengths (LX, LY, LZ) quantify facies correlation scales of each lithofacies along the principal directions. To 

bias-correct parameter estimates affected by incomplete exposure of sections (see Figure S17 in Supplementary materials), a 165 

Bayesian updating scheme (Dai et al., 2005; White and Willis, 2000) and pixel-based image analysis were employed to 

calculate lithofacies lengths and volume proportions at both hierarchical scales. Comparison of the volume proportions 

computed from whole-sections (PS) with those calculated from boreholes along the sections (PD) revealed a close agreement 

(see Table S1 in Supplementary materials), indicating that these sections are sufficiently representative for estimating structural 

parameters.  170 

The lithofacies volume proportions and mean vertical thicknesses (LZ) were derived from discrete borehole data, whereas 

mean horizontal lengths along x- and y- directions (LX, LY) were obtained from the cross-sections. Statistics of heterogeneous 

parameters are listed in Table 1. Define the horizontal anisotropy coefficient as α = LY / LX, and the vertical anisotropy 

coefficient as ε = LZ / [(LX + LY) / 2]. According to Table 1, most lithofacies are horizontally isotropic at both scales, however, 

the MCS and SL lithofacies extend longer in the x- direction and the C lithofacies extend longer in the y- direction at Scale I. 175 

The mean anisotropy ratio decreases from ~0.005 (Scale I) to ~0.003 (Scale II), evidencing reduced apparent heterogeneity 

with model coarsening. 

Table 1. Statistics of heterogeneous architecture parameters at Scale I and Scale II 

Scale Lithofacies P LX (m) LY (m) LZ (m) a ε 

Scale I G 0.34 2331.33  2495.40  8.94 1.070 0.004  
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CS 0.06 2300.95  2310.10  11.41 1.004 0.005  

MCS 0.11 874.44  1187.37  9.43 1.358 0.009  

MS 0.13 1525.90  1496.85  6.45 0.981 0.004  

MFS  0.17 1516.81  1801.83  8.26 1.188 0.005  

FS 0.09 881.78  1009.77  3.99 1.145 0.004  

SL 0.04 640.32  791.79  2.55 1.236 0.004  

C 0.07 1098.27  763.32  2.48 0.695 0.003  

Scale II 

GCS 0.50 2205.99  2118.44  7.35 0.960 0.003  

MFS 0.39 1531.79  1412.87  5.06 0.922 0.003  

SC 0.11 817.75  842.73  2.60 1.030 0.003  

In this study, the 57 boreholes provide hard conditioning data for facieslithofacies occurrence and aquifer thickness, 

whereas the eight cross-sections supply additional structural constraints on lateral continuity and stratigraphic organization 180 

along and across the principal directions. This study isdoes not aim to deterministically reproduce specific in-situ plumes, but 

rather quantifies how hierarchical sedimentary architecture and associated parameter uncertainties govern basin-scale 

dispersion under field-representative flow conditions. The resulting heterogeneous model was intended to be statistically 

representative, while local connectivity in data-poor areas was treated as uncertain and quantified through a set of 

conditionallyconditional realizations. Although boreholes and corresponding cross-sections are more densely packed in the 185 

central and western parts of the study area and relatively sparse in the eastern area, this is sufficient to serve the objectives of 

this study. 

2.2.2 Hydraulic conductivity  

Hydraulic conductivity (K) was constrained using a combination of pumping-test analyses and grain-size–based 

empirical equations. A total of 45 pumping experiments were collected in the study area (including steady flow pumping tests 190 

and unsteady flow pumping tests) and the corresponding K values were obtained using analytical solutions and type-curve 

matching. However, the resulting K values are most representative for coarse-grained media. For fine-grained sediments, K 

was estimated from empirical equations. The soil samples collected from the shallow part of the study area were first analyzed 

for grain-size distribution, and K values were then estimated using the empirical equations summarized by Vuković and Soro 

(1992): 195 

( )=   
v

C n
g

K de

2
 (1) 

Where: K is the conductivity (m/d); v is the kinematic viscosity (m2/s); g is the gravity, taking the value of 9.81 m/s2; C 

is the empirical coefficient (provided in Table S2 in the Supplementary materials); φ(n) is the dimensionless porosity function, 
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in which n=0.225×(1+0.83)η, η=d60/d10, usually referred to as coefficient uniformity; de is the particle diameter corresponding 

to e% finer on the cumulative grain-size distribution curve. 

Grain‐size analyses showed that all samples had characteristic diameters of less than 0.2 mm (data from Dai et al., 2022). 200 

By comparing the K results calculated by various empirical formulas, the USBR method was finally adopted for the lithofacies 

SL. For the very low-permeability C unit, where grain-size methods are less reliable, K was inferred from a regional Plasticity 

Index-K (PI-K) empirical relationship, where the PI data was collected from clayey soils in the Qiqihar area. Through the 

above methods, the statistical results of the mean and variance of the logarithmic conductivity (Ξ=ln(K)) of each lithofacies 

on two scales were obtained, as shown in Table 2.  205 

Table 2. Univariate statistics of conductivity for different hierarchical lithofacies at different scales 

Scale Lithofacies Ξ̅(m/d) 𝜎𝛯
2 

Scale I 

G 4.163 0.019 

CS 3.684 0.059 

MCS 3.165 0.126 

MS 2.775 0.177 

MFS  2.280 0.096 

FS 0.868 0.321 

SL -0.251 0.116 

C -4.212 0.118 

Scale II 

GCS 3.829 0.080 

MFS 2.336 0.402 

SC -2.105 0.689 

2.3 Construction of a heterogeneous structural model 

Taking into account the aquifer structure and the topographic and geomorphological features of the study area, the 

simulation domain is set to be about 20 km in the x-direction, 22 km in the y-direction, and 50 m in the z-direction. Note that 

the purpose of this study is not intend toaimed at accurately simulatesimulating groundwater dynamics or pollution plumes in 210 

the study area, but rather to discuss the influence of sedimentary structure and related parameters on solute dispersion. 

Therefore, for the convenience of modeling and parameter setting, the simulation area was simplified into an approximate 

square. As listed in Table 1, the SL facies type has the smallest mean horizontal extension (640.32 m), while the MS facies 

type has the smallest mean vertical extension (0.98 m). To capture lithological heterogeneity in detail, the grid cells were sized 

at 100 m × 100 m × 0.25 m, resulting in a total of 200 × 220 × 200 cells. 215 
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Indicated kriging method based on Markov chain transfer probabilities was used to complete the modeling of 

heterogeneous architectures. Following Proce et al. (2004) and Ren et al. (2022), the sedimentary architecture was modeled in 

two stages. First, 50 realizations at Scale II and 50 realizations at Scale I were generated based on proportion and length 

statistics, respectively. This number of realizations is sufficient to obtain stable ensemble statistics (Zhou et al., 2018; Henri et 

al., 2020). Second, Scale I facieslithofacies were then mapped onto their corresponding Scale II domains to yield hierarchical 220 

models (hereafter referred to as the multiscale models). The resulting multiscale models thus embed fine-scale lithofacies 

heterogeneity within a framework that retains large-scale sedimentary architecture, enabling hierarchical coupling across scales. 

As an example, the three-dimensional and two-dimensional cross-sections of a particular heterogeneous model are shown in 

Figure 3. In all heterogeneous-architecture models, x = 0 is adjacent to the Nen River; larger x indicates greater distance from 

the river. Larger y denotes upstream, and smaller y denotes downstream. 225 

 

Figure 3. An example of multiscale model: (a) 3-D facies, (b) 2-D sections; and Scale II model: (c) 3-D facies, 

(d) 2-D sections. Section lines are located at x = 600m, 3000m, 7600m, 11000 m and y = 8000m, 12000m, 

16000m, 18000m 
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Facies structures in the simulated 2-D sections closely match field patterns and exhibit pronounced stratification. Along 230 

the groundwater flow direction, dominant facieslithofacies transition from G and MCS to MS and MFS. Vertically, the 

succession fines downward, with coarser textures near the top and finer ones at the bottom.  

2.4 Flow and solute transport simulation 

2.4.1 Hydrogeologic conceptual model 

Long-term groundwater level observations indicated that water levels had remained relatively stable over the years, 235 

suggesting a stable flow regime. According to multi-year groundwater level records, specified-head boundaries at y = 0 m and 

y = 22 km (corresponding to the upstream and downstream boundaries) with multi-year mean heads of 146 m and 140 m were 

set, respectively (Figure 4). The Nen River in the western part of the study area was also generalized as a steady head boundary 

(144 m). The eastern boundary was specified as a flux boundary, with flux values calculated from the natural hydraulic gradient. 

The bottom of the phreatic aquifer is an aquitard with overflow discharge, so it was set as the flux boundary. The top boundary 240 

is the phreatic surface where recharge is primarily from precipitation, while discharge occurs through evaporation and artificial 

pumping. 

 

Figure 4. Conceptual hydrogeologic model of the study area and schematic diagram of solute plume planar 

source release conditions. The left side corresponds to the Nen River, and the pollution source is oriented 245 

approximately perpendicular to the regional groundwater flow direction. 

2.4.2 Groundwater flow simulation 

In this study, MODFLOW-2005 (Harbaugh, 2005) was used to calculate the groundwater transport process in saturated 

porous media. After constructing the heterogeneous sedimentary architecture, stochastic K fields were generated by assigning 

facies-conditioned K values to each cell based on the spatial distribution characteristics and statistics (Ξ̅ and σΞ
2 ). Groundwater-250 

flow simulations were run on the same grid as the architecture, ensuring a one-to-one correspondence between facieslithofacies 

and K. Based on the recharge conditions of phreatic water, the lithology and thickness of the vadose-zone, city land and 
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farmland, four water-balance subregions were delineated (shown in Figure 1). Detailed water-balance equations and parameter 

values are provided in the source and sink calculation section of the Supplementary materials. 

2.4.3 Solute transport simulation  255 

The random walk particle tracer model program RWHet (LaBolle et al., 1996) was used to simulate the solute transport 

process. This study focuses on the transport characteristics of nonreactive solutes, and the governing equation for solute 

transport in saturated porous media defined as: 

x x x x x x x
x

 
   

 = −  + 
   

t x x x
t c t v t t c t D t t

c t

i i ji= i j

i ij[ ( , ) ( , )] [ ( , ) ( , ) ( , )] [ ( , ) ( , ) ]
( , )

1 , =1

3 3

x x x xk+ −q t c t
k

k k k( , ) ( , ) ( )  

(2) 

where c [M/L3] is the dissolved resident concentration; v [L/T] is the velocity; Θ [L3/L3] is the porosity; xi,j [L] is the 

distance along the respective Cartesian coordinate axis; ck [M/L3] is the aqueous phase concentration in the flux qk [L3/T] of 260 

water at xk; and δk is a Dirac function. Dij [L2/T] is the local-scale dispersion tensor. 

In this study, Θ was assumed to be stably isotropic and was set to the value of 0.35. Although setting a constant porosity 

may lead to deviations in the time required to reach a certain stage and the absolute value of the dispersion index plotted on 

the time axis, this study, however, emphasized the influence of aquifer structure and K-statistics under consistent settings, 

where the spatial heterogeneity and connectivity of the corresponding velocity field were not significantly determined by subtle 265 

spatial variations in porosity. Another advantage of this choice is to avoid introducing other poorly constrained parameter 

fields into the model. For the same reason, the influence of local scale dispersion and molecular diffusion coefficient was not 

considered in this study, and therefore the corresponding dispersion and diffusion coefficients were taken as zero.  

Solute transport was simulated under two distinct source scenarios: a point source and a planar source. The point source 

represents localized releases (e.g., spills, leaks or point discharges), whereas the planar source represents an extended source 270 

zone that intersects multiple flow paths. These two scenarios are used to quantify how source dimensions control early -time 

sampling of heterogeneity and uncertainty in plume metrics. Using the bottom of the aquifer near the Nen River upstream as 

the origin of the coordinate system, the planar source (shown in Figure 4), oriented perpendicular to the groundwater flow, 

was centered at (10000, 3000, 25) m and extended 14000 m in the x-direction, 100 m in the y-direction, and 50 m in the z-

direction. The point source was centered at (10000, 3000, 44) m, and extended 200 m in the x-direction, 200 m in the y-275 

direction, and 2.5 m in the z-direction. A continuous NaCl source with a concentration of 800 mg/L was imposed based on 

groundwater samples, with a background concentration of zero. Absorption type boundaries were defined at y = 0 m and y = 

22 km to allow particles exit the simulation domain at the inlet and outlet boundaries, while reflection boundaries were used 

for all other boundaries to ensure particles remained within the domain. The solute transport simulation was performed over a 

period of 10000 days, utilizing the same spatial discretization as the flow model. 280 
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The solute transport was measured by the solute concentration moments. According to the definitions of Freyberg (1986), 

the first moment, normalized by the mass in the solution, represents the position of the solute plume, expressed as the centroid 

coordinates (xc, yc, zc). The second spatial moment quantifies solute spreading around the centroid, given by the variances (σxx
2 , 

σyy
2 , σzz

2 ). In the subsequent analysis, only the longitudinal component along the groundwater flow direction (y-direction) was 

retained. 285 

3. Results  

3.1 Numerical simulation results 

3.1.1 Water flow simulation results 

Model validation was performed using groundwater levels measured at 15 observation wells in 2020, whose spatial 

distribution is shown in Figure 5a. The average simulated heads from 50 realizations were compared with the observed values 290 

to evaluate model performance. 

 

 

Figure 5. (a) Distribution of groundwater level measurement points in 2020; (b) Fitting diagram between 

simulated water level and measured data 295 
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The simulated water levels show good agreement with the observed values, closely following the 1:1 line. This visual 

consistency is supported by a relatively small error (RMSE = 0.507m), indicating that the water flow model reproduced the 

groundwater dynamics of the study area. This agreement further indicates that the hydraulic conductivity values derived from 

different methods are reasonable and consistent. 

3.1.2 Solute transport simulation results 300 

In stochastic transport modeling, aquifer heterogeneity is represented as independent random field with prescribed 

statistics. Consequently, transport characteristics are described using ensemble statistics over multiple realizations. Two 

complementary metrics are commonlyFigure 6 shows the temporal evolution of plume center of mass y(t) and macro-

dispersivity α(t) for multiscale (red) and Scale II (blue) models under point- and planar-source release conditions. Lines denote 

ensemble means, and shaded envelopes depict 10–90% confidence intervals from 50 stochastic realizations. Convergence tests 305 

indicate that 50 realizations are sufficient to achieve stable statistics. Two complementary metrics are employed to quantify 

macrodispersion (Dentz et al., 2000a, 2000b), which differ by their averaging procedure: the effective dispersion coefficient 

(
 

 
D

eff
) and the ensemble dispersion coefficient (

 

 
D

ens
). The former is computed by first calculating the moment-based 

dispersion for each realization and then averaging across realizations. In contrast, 
 

 
D

ens
is derived directly from the spatial 

moments of the ensemble-averaged solute concentration field. While both metrics characterize macrodispersion, 
 

 
D

eff
more 310 

accurately represents the mean spreading in a typical field-scale realization and 
 

 
D

ens
includes an “artificial” component from 

the spatial wandering of plume centroids between different realizations. Under ergodic conditions or at sufficiently long times, 

these two measures are expected to converge., but under finite-time and non-ergodic conditions 
 

 
D

ens
 may include an artificial 

contribution from realization-to-realization wandering of the plume centroid. In this research, we report the corresponding 

macro-dispersivities, αeff and αens, obtained by normalizing dispersion by the average groundwater velocity.  315 

Figure 6 shows the temporal evolution of plume center of mass y(t) and macro-dispersivity α(t) for multiscale (red) and 

Scale II (blue) models under point- and planar-source release conditions. Lines denote ensemble means, and shaded envelopes 

depict 10–90% confidence intervals from 50 stochastic realizations. Convergence tests indicate that 50 realizations are 

sufficient to achieve stable statistics. The close agreement between multiscale and Scale II models, especially under planar-

source release (Figure 6c and 6d), demonstrates that at the basin scale, dispersion characteristics can be effectively captured 320 

by accurately representing the geometry of controlling lithofacies at larger scales, with diminished influence from smaller-

scale heterogeneity. This finding is consistent with the findings of Ramanathan et al. (2010) and Soltanian et al. (2015b) at the 

site-scale research, who demonstrated similar behaviour using Lagrangian-based macrodispersion models. Comparable 

patterns were also observed in the site-scale simulations of Ren et al. (2022) at the Borden site, where α(t) exhibited a rapid 

increase and quickly converged to an asymptotic value. 325 
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Figure 6. Results ofTemporal evolution of longitudinal (a, c) solute transport distancesdistance yc(t) and (b, 

d) macro-dispersivity on two scales with time under two release conditionsα(t) for multiscale (red) and Scale 

II (blue) models under point-source release (a, b) and planar-source release (c, d) conditions. Solid lines 

denote ensemble means, and shaded envelopes represent the 10th–90th percentile ranges. 330 

The time derivative of the mass transport distance corresponds to the mean velocity of solute migration in yc(t) provides 

a given direction. According to Figure 6a and 6c, thesimple consistency check on the simulated transport behavior. The average 

transport velocity of the solute plume is approximately 0.058 m/d for a point-source release and 0.027 m/d for a planar-source 

release. Using the mean hydraulic conductivity of 12.05 m/d (Table 2), a regional hydraulic gradient of ~1‰, and an effective 

porosity of ~0.35, (Figures 6a and 6c). The latter is close to the Darcy-based estimate of the mean groundwater velocity is, 335 

about 0.03 m/d. The consistency between this , calculated velocity and the simulated plume migration suggests that the model 

adequately capturesfrom the mean hydraulic conductivity of 12.05 m/d (Table 2), regional hydraulic gradient of ~1‰, and 

effective porosity of ~0.35 used in this study. This consistency indicates that the flow and transport simulations reproduce the 

macroscopic solute transport characteristics in the study area. Comparisons with the Borden site highlight distinct timescales: 

α(t) at Borden increased rapidly and reached its asymptotic value within a relatively short time, whereas in this migration 340 

behavior of the study α(t) approached its asymptote more gradually (Ren et al., 2022). system. 

A first-order result is the close agreement between the multiscale and Scale II simulations, particularly under planar-

source release. This difference likely reflects the higher mean velocity at the Borden site (~0.091 m/d), which accelerates 

stabilizationindicates that basin-scale plume evolution can be captured primarily by the geometry and connectivity of the 

dominant large-scale lithofacies, whereas finer-scale heterogeneity mainly modulates the details of transport. The source 345 

geometry mainly affects early-time sampling of heterogeneity and thus the magnitude of realization-to-realization variability. 

Under point-source release, the plume initially samples only a limited portion of the K field, resulting in larger fluctuations in 

transport distance and solute dispersion. In contrast, the planar source intersects a broader set of flow paths from the outset, 

which narrows the uncertainty envelopes and yields a more stable ensemble-like response. This result is consistent with 
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previous theoretical and numerical studies showing that larger source areas enhance early sampling of heterogeneity, stabilize 350 

large-scale transport statistics, and reduce uncertainty in plume behavior (Dagan, 2017; de Barros, 2018). This also confirms 

that source dimensions remain important even at the basin scale. 

At the release location, high proportions of gravel and medium-to-coarse sand lithofacies lead to strong local-scale 

heterogeneity in the K field. Under point source release scenario, the plume initially samples a limited portion of the 

heterogeneity, local scale flow velocity deviate significantly from average regional groundwater flow velocity, showing a large 355 

fluctuation amplitude and significant uncertainty (shaded areas in Figures 6a and 6b). In contrast, planar source covers a 

broader portion of the heterogeneous medium at early times. This “source-area enlargement effect” smooths local-scale 

velocity deviations and explains why confidence intervals are much narrower in the planar-source scenarios. Similar trends 

were reported by Cao et al. (2018) and de Barros (2018), who showed that enlarging the source area/width markedly narrows 

uncertainty bands and reduces realization-to-realization spread of plume metrics in heterogeneous aquifers. Theoretically, 360 

Dagan (2017) has explained why planar, large-area injections approach ergodic sampling of the conductivity field, by 

smoothing local velocity fluctuations and stabilizing large-scale transport statistics. 

The ensemble macro-dispersivity (αens(t)) is more commonly used due to its simpler definition. Moreover, αens(t) often 

overestimates the solute dispersion under non-ergodic or pre-asymptotic conditions. Figure 6b illustrates this overestimation 

significantly and shows that the error associated with αens(t) increases progressively with transport time for both the multiscale 365 

model and the larger-scale model. The persistence of this overestimation until the end of the 10000-day simulation suggests 

that plume evolution remains largely governed by advection and has not yet reached a dispersion-dominated regime controlled 

by local-scale dispersion. Once the solute plume samples a sufficiently large domain of the heterogeneous medium, realization 

variability is substantially reduced and large-scale transport properties converge to the ensemble mean. Accordingly, αeff(t) 

tends toward αens(t), consistent with theoretical predictions.  370 

Figure 6 also shows that αeff(t) and αens(t) do not fully converge within the 10000-day simulation period, although the 

degree of separation varies with source geometry and transport stage. In general, the difference between the two metrics 

remains more evident under point-source release condition. This incomplete convergence indicates that plume evolution 

remains in a prolonged pre-asymptotic state under the simulated basin-scale transport conditions. At this stage, the plume's 

evolution has not yet transitioned into the dispersion-dominated phase, which is characterized by the dominance of local-scale 375 

dispersion processes. Compared with previously reported site-scale results at the Borden site, where macrodispersivity 

approached a quasi-stationary value over a much shorter interval, the present basin-scale system exhibits a substantially slower 

approach to convergence. 

3.2 Uncertainty analysis of solute dispersion 

A recent global sensitivity analysis indicated that a small set of geologically interpretable factors, most notably 380 

facieslithofacies volume proportions and in-facies mean hydraulic conductivity, exerts first-order influence on non-reactive 

solute dispersion across regional to basin scales (Ren et al., 2023). Motivated by these findings, we next explore the individual 
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contribution of each factor to solute dispersion. To ensure a stable and consistent comparison while minimizing noise between 

realizations, all subsequent simulations were conducted under planar-source releases and with Scale II heterogeneous models. 

This configuration focuses on the dominant lithofacies architecture, yielding an ensemble-like depiction of field-scale 385 

migration. This choice also provides a good chance to effectively narrow uncertainty bands and establish a clear baseline for 

systematically evaluating the impact of key parameters. 

3.2.1 Effect of volume proportions 

At Scale II, lithofacies are grouped into three types in decreasing order of permeability: GCS, MFS, and SC, with 

volumetric proportions of 0.503, 0.385 and 0.112, respectively. Two scenarios are designed by changing the lithofacies volume 390 

proportions, while holding all other statistics fixed. In Group A, the proportions were set to 0.33, 0.34, and 0.33, approximating 

an aquifer with equal volumetric fractions of all lithofacies. In Group B, the mixture was skewed toward the low-permeability 

unit, with volume ratios of 0.2, 0.3, and 0.5, respectively. From a sedimentological perspective, in fluvial–alluvial systems the 

areal proportion of coarse deposits (e.g., gravel/sand bodies produced in paleochannel zones) versus floodplain fine deposits 

can vary substantially at the basin scale, reflecting the coupled effects of stream power and sediment supply, channel migration, 395 

floodplain aggradation and development (Bridge, 2009). Accordingly, Group A (near-equal proportions) represents a more 

mixed and interbedded architecture consistent with frequent channel migration and facieslithofacies switching, whereas Group 

B (fine-dominated mixtures) represents a low-energy and/or distal floodplain setting where fine deposits are more prevalent 

and coarse bodies are more isolated. 

Figure 7 shows the simulation results for different scenarios. With the increase of time, the solute transport distance 400 

increases proportionally, andwhile the αeff(t) shows a power function growth trend and approaches a quasi-stable value after 

roughly 5000 days. Across the tested scenarios, the asymptotic-scale αeff(t) remains on the order of 170 m, indicating that the 

basin-scale system remains strongly dispersive over long travel times. This behaviour is consistent with the well-established 

theory of large-scale dispersion in heterogeneous media, where transport is characterized by an initial non-Fickian regime 

followed by a transition towards Fickian behaviour at late times (Dagan 1989; Neuman and Tartakovsky, 2009). 405 

AcrossIncreasing the tested scenarios, the αeff(t) stabilizes around 170 m after approximately 5000 days. High permeability 

lithofacies type (proportion of GCS) always provides preferential pathways that accelerate enhances plume migration, while 

low permeability type (SC) acts as barriers that restrict and leads to larger yc(t) and αeff(t) values, whereas increasing the 

proportion of SC suppresses both plume spreading and extent solute residence times. This demonstrates that even at the basin 

scale, migration and dispersivity. These trends indicate that modifying lithofacies proportions can still reshapechanges the 410 

balance between connected preferential pathways and retarding controls. Both highlow-K and low-K lithofacies exert strong 

controls on plume transport behavioursdomains, even though the overall basin-scale response remains relatively smooth. 

Previous theoretical and numerical studies (Fiori et al., 2010; Amooie et al., 2017; Soltanian and Ritzi, 2014; Puyguiraud et 

al., 2020), have also confirmed that large‐scale solute dispersion is governed not by a single conductivity class, but by the 

combined influence of extreme permeability contrasts. 415 
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Figure 7. ResultsEffect of lithofacies proportions on longitudinal (a) solute transport distancesdistance yc(t) 

and (b) macro-dispersivity α(t) under different lithofacies volume proportion scenariosplanar-source release 

condition. Group A and Group B represent more mixed and fine-dominated architectures, respectively. 

Solid lines denote ensemble means, and shaded envelopes represent the 10th–90th percentile ranges. 420 

A notable finding is that even when the proportion of GCS increases, the differences in plume metrics among scenarios 

remain modest, and the The uncertainty bands widen only slightly. Actually, the plume travels only a short distance after 10000 

days for this basin‐scale system (envelopes in Figure 7a), indicating that non‐ergodic conditions persist for extremely long 

times. This suggests that, changes in lithofacies proportions adjust transport characteristics,7 also show a systematic but the 

overall plume dynamics are buffered by the immensity of the flow domain. At regional–basin scales, modificationsmoderate 425 

response to lithofacies proportions may act as secondary drivers of plume extent relative to other large-scale controls.  

Realization-to-realization variability also reveals a clear scale-dependent trend.proportion. Increasing the 

proportionfraction of high-K lithofacies enhances solute mobility but simultaneouslyfacies generally amplifies realization to 

realizationthe variability among realizations, whereas increasing the fraction of low-K lithofacies reduces both transport 

velocity and uncertainty, yieldingfacies produces more uniform outcomes. However, uncertainties do not grow indefinitely 430 

with conductive lithofacies dominance but instead plateau due to kilometer-scale the differences among scenarios remain much 

smaller than would typically be expected at the site scale. This suggests that, under basin-scale flow conditions, the effect of 

composition changes is present but moderated by large-scale spatial averaging. Such findings highlight the importance of 

explicitly accounting for scale-dependent controls when extrapolating transport models from site to regional contexts, 

especially for risk assessment and large-scale groundwater management. 435 
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3.2.2 Influence of the mean value of the conductivity 

The influence of conductivity on solute dispersion is primarily based on the difference in the mean K values among 

lithofacies. In the Qiqihar site, the mean K values are 46.02 m/d, 10.34 m/d, and 0.12 m/d for of GCS, MFS, and SC, 

respectively, indicating a pronounced permeability contrast. As is well known, K varies widely and is subject to considerable 

estimation and upscaling uncertainty at field scales. To isolate the role of individual lithofacies, three model groups were 440 

designed in which only the mean K of a single lithofacies was increased threefold, while the other two remained unchanged. 

The choice to expand by three times also takes into account the uncertainty of K at a medium to high level. In Group 1, the 

mean K of GCS was raised to 138.06 m/d. In Group 2, the mean K of MFS was increased to 31.02 m/d and in Group 3, the 

mean K of SC was increased to 0.36 m/d. In all cases, the variance of K was preserved, and the underlying heterogeneous 

sedimentary architecture remained unchanged. Thus, any changes in dispersion can be attributed to altered inter-facies K 445 

contrast and the resulting redistribution of flow among facieslithofacies. Solute transport simulations for these scenarios, 

conducted under planar-source release conditions, are presented in Figure 8.  
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Figure 8. Results of (a) solute transport distances and (b) macro-dispersivity under the variations in 

lithofacies mean hydraulic conductivityEffect of the mean K of individual Scale II lithofacies on longitudinal 450 

(a) solute transport distance yc(t) and (b) macro-dispersivity α(t) under planar-source release condition. In 

each scenario, the mean K is increased threefold while the lithofacies architecture and inter-facies variance 

remain unchanged. Solid lines denote ensemble means, and shaded envelopes represent the 10th–90th 

percentile ranges. 

Figures 8a-8c show the results for solute transport distance, and Figures 8d-8f are the αeff(t) results. They all show a clear, 455 

asymmetric response when the mean K is tripled for a single lithofacies while keeping variance and architecture fixed. 

Increasing the mean K of the most permeable lithofacies (GCS) accelerates plume migration, raises the asymptotic αeff, and 

slightly widens the uncertainty bands. Conversely, tripling the mean K of the medium-permeability lithofacies (MFS) 

counterintuitively reduces migration distance and affects the asymptotic convergence of dispersion, whereas perturbing the K 

value of SC produces virtually no change. By calculating the global mean K of the 50 realizations, it can be obtained that the 460 
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global mean K value changes from 12.05 m/d of Qiqihar site to 22.20 m/d, 19.49m/d and 14.73 m/d after expanding the mean 

K values of the three lithofacies. Logically, MFS perturbation should have facilitated solute transport. Further analysis of the 

constructed heterogeneous sedimentary architecture model reveals that the dominant lithofacies progressively transition from 

gravelly/medium-coarse sand to medium-fine sand from upstream to downstream. MFS lithofacies is less distributed at the 

solute plume release location. As the conductivity in the model is generated based on lithofacies distribution, this may be a 465 

major reason for the anomalies in the transport distance results. Temporal variations in αeff(t) also highlight the contribution of 

individual facies in shaping plume evolution. In the GCS perturbation, αeff(t) increases sharply from the onset of solute release, 

and its asymptotic value remains well above the baseline case, emphasizing the dominance of coarse type connectivity in 

channelling solute migration. In the MFS perturbation, αeff(t) decreases in the early stages but then gradually converges to 

asymptotic equilibrium. This pattern reflects spatial averaging at the basin scale eventually restores ensemble-like behaviour. 470 

These early and late dynamics are(t), and slightly widens the uncertainty bands. This indicates that the most permeable 

lithofacies has a strong influence on basin-scale plume migration. By contrast, increasing the mean K of MFS does not 

accelerate plume migration, even though the domain-scale mean conductivity increases (from 12.05 m/d of Qiqihar site to 

19.49m/d). Instead, the transport distance is reduced relative to the baseline case, and the corresponding αeff curve shows a 

different evolution toward quasi-stationary behavior. Increasing the mean K of SC produces only a very limited change in both 475 

transport distance and αeff(t). The early and late dynamics of αeff(t) are also consistent with observations of non-Fickian transport, 

where temporary suppression and delayed convergence are characteristic of strongly heterogeneous aquifers (Fiori and Dagan, 

2000; Dentz et al., 2011). However, more importantly, the spatial averaging effect at the basin scale ultimately restores 

ensemble-like behaviour. 

Collectively, the results indicate that macro-dispersion may not simply controlled by the average conductivity of the 480 

system, but by the extent to which variations in facies properties reallocate groundwater fluxes across the underlying connected 

pathways. Specifically, enhancing GCS strengthens pre-existing preferential pathways, acceleratingThe contrasting responses 

are likely related to the spatial roles of the three lithofacies in the modelled architecture. GCS is the most conductive lithofacies 

and is more influential near the release area, so increasing its mean K reinforces pre-existing fast routes and directly promotes 

plume migration. In contrast, increasing MFS is less dominant at the mean K of MFS release location and becomes more 485 

important farther along the transport domain. The mean K perturbation therefore reduces the contrast with GCS, and 

redistributes part of the groundwater flux into slower pathways, and thus away from the fastest paths, which suppresses early-

time dispersion. This complex flux redistribution mechanism effectively suppresses the overall solute migration rate. For SC, 

evenplume spreading. Even after a threefold increase leaves it far, SC remains much less conductive than the other facies, 

preventing it from contributingtwo lithofacies and therefore cannot contribute substantially to the connected high-K transport 490 

network. Such asymmetric responses are consistentThese results show that basin-scale transport cannot be interpreted solely 

from the change in domain-average conductivity, because the effects of K perturbation depend strongly on which lithofacies 

is modified and where that lithofacies occurs within the connected architecture. These findings align with previous theoretical 

and numerical studies, which demonstrateindicate that solute dispersion at large scales emerges from the interplay between 
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facieslithofacies contrasts and connectivity, rather than from the mean conductivity values of single facieslithofacies (Zinn and 495 

Harvey, 2003; Soltanian and Ritzi, 2014). All these observations suggest that model calibration that focus only on asymptotic 

metrics may overlook early-time transport features that are critical for risk assessment and monitoring system design. 

4. Discussion 

Basin-scale simulations indicate that conservative solute dispersion and its uncertainty are principally organized by 

facies conductivity contrasts and the geometry of the architectural elements at the larger scale, whereas modest perturbations 500 

to smaller-scale structure produce comparatively minor changes in transport metrics. This is consistent with the multiscale 

sedimentary-architecture based theoretical analysis and with prior site-scale simulation studies. This study also distinguishes 

between αeff(t) and αens(t): αens(t) increasingly overestimates the time-varying dispersion, while αeff(t) measures spreading within 

a typical realization and approaches a stable value as sampling increases. The kilometer-scale αeff(t) obtained in this study fall 

within the classical field scale statistics compiled by Gelhar et al. (1992), who found α(t) typically in the tens to hundreds of 505 

meters at similar scales. 

A central finding is the scale-dependent nature of plume stabilization. Over a 10000 days simulation period, αeff(t) 

initially increased slowly and then stabilized, but this stabilization occurs over a relatively prolonged period (around 5000 

days), indicating that plume evolution remains in a pre-asymptotic (quasi-ergodic) state for thousands of days at the basin scale. 

This behaviour contrasts with site-scale results at the Borden site (Ren et al., 2022), where αeff(t) was shown to reach an 510 

asymptotic value much more rapidly (after 400 days), plausibly facilitated by higher mean groundwater velocities. In the 

present basin-scale system, the solute explores only a small fraction of the heterogeneous flow field over a considerable period 

of time, the effective transport response is “buffered” by the domain immensity. Source size exerts a qualitatively consistent 

effect across scales: expanding the source promotes broader early-time sampling of heterogeneity and thereby reduces inter-

realization variability, yielding narrower uncertainty during transport process. By contrast, the uncertainty band for α(t) tends 515 

to stabilize or even decrease later at the basin scale, again reflecting domain scale averaging that mutes source geometry effects 

far downstream. In the site-scale tracer experiments (e.g., MADE, Borden), meter‐scale K variability may lead to apparent 

velocities differ by orders of magnitude between observation points, and strongly connected preferential pathways commonly 

yield pronounced early arrivals and heavy-tailed breakthrough curves (Zheng et al., 2011; Bianchi and Pedretti, 2017), thereby 

increasing predictive uncertainty in plume evolution and arrival-time statistics. Simulations at the Borden site well demonstrate 520 

that the increased proportion of more permeable lithofacies significantly amplifies solute dispersion and output uncertainty. 

Basin-scale models, however, exhibit a weaker response, consistent with the buffering effect of long travel distance and 

multiple overlapping pathways.  

This study further highlights that even at the basin scale, α(t) is not a simple constant. It is also closely related to the 

aquifer's heterogeneous structure and its hydraulic parameters. Scenario analysis reveals that the facies proportion and mean-525 

conductivity perturbations illustrate two complementary mechanisms by which multiscale heterogeneity governs solute 

dispersion. Perturbations in facies proportions alter the statistical balance between preferential pathways and retarding domains, 
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whereas perturbations of mean conductivity reshape the contrast among facies types, redistributing fluxes across the connected 

network. At the basin scale, both mechanisms exert measurable influences on plume dynamics, but the divergence among 

scenarios remains modest due to kilometer-scale spatial averaging and persistent non-ergodic conditions. RecentThe present 530 

results clarify a central issue raised in the Introduction: under basin-scale flow conditions, the dominant controls on 

conservative solute dispersion are the geometry and connectivity of the larger-scale lithofacies framework, whereas finer-scale 

heterogeneity mainly modulates the details of plume evolution. Viewed together, the scenario analyses show that lithofacies 

proportions and mean K are not separate or competing explanations for this behavior, but two complementary ways in which 

the same architectural framework governs transport. Changing lithofacies proportions alters the statistical balance between 535 

preferential pathways and retarding domains, whereas changing the mean K of individual facies modifies how groundwater 

flux is partitioned among those pathways. What emerges from these results is that basin-scale dispersion is controlled less by 

domain-average hydraulic properties than by the way conductivity contrasts are embedded within the connected lithofacies 

architecture. This interpretation is consistent with previous regional and basin scale studies showing that aquifer-system 

heterogeneity, lithofacies architecture, and pathway organization remain influential controls on large-scale plume evolution 540 

(Carle et al., 2006; Pauloo et al., 2021). A recent global sensitivity analysis across multiscale heterogeneous media shows a 

robust ranking for non-reactive solute dispersion: (Ren et al., 2023): the facieslithofacies mean K is typically the most 

influential factor, followed by facies volume proportions and facies mean lengths;, whereas variance and some correlation 

scales contribute less. Importantly, when the heterogeneity integral scale reaches 100m to 1000m, the regional hydraulic 

gradient becomes non-negligible for non-reactive transport. OurThese basin-scale results are also broadly consistent with this 545 

ranking, especially in showing that lithofacies mean K and proportions exert the clearest influence on basin-scale dispersive 

behavior.  

This study also indicates a markedly delayed approach to quasi-steady behavior at the basin scale. αeff(t) approached a 

quasi-steady state only after roughly 5000 days, and αeff(t) and αens(t) did not fully converge within the entire 10000-day 

simulation period. This persistent separation indicates that plume evolution remains strongly pre-asymptotic over long times 550 

and distances. Compared with the Borden tracer test study, where dispersivity approached quasi-stationary behavior after 

around 400 days (Ren et al., 2022), the present basin-scale system shows a substantially slower approach to convergence. 

Moreover, site-scale studies have also shown stronger sensitivity of plume behavior and predictive uncertainty to realization-

specific pathways and source sampling (Zheng et al., 2011; de Barros and Dentz, 2016), whereas the basin-scale response here 

is more muted. These differences reflect not only domain-scale spatial averaging, but also the gradual way in which the plume 555 

samples the heterogeneous flow field and the delaying effect of multiple overlapping pathways on the emergence of ensemble-

like transport. Within this setting, source geometry mainly influences early-time uncertainty by determining how much 

heterogeneity is sampled at the outset, while the long-term structure of plume evolution remains organized by the dominant 

large-scale architecture. These interpretations are also consistent with previous regional and basin scale studies showing that 

heterogeneous flow systems can sustain persistent non-Fickian transport over long distances and times, with a delayed 560 

approach to simplified or asymptotic transport behavior (Guo et al., 2019; Pauloo et al., 2021). 
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Combined with earlier laboratory sandbox experiments and site-scale studies developed within the same hierarchical 

framework (Ma et al., 2022, 2025), the present basin-scale results help refine how the role of heterogeneity should be 

understood across sedimentary scales. At local and site scales, conductivity contrasts, lithofacies geometry, and connectivity 

are often expressed more directly through realization-sensitive plume spreading, stronger source-size dependence, and more 565 

immediate pathway control on uncertainty (Dai et al., 2004; Ramanathan et al., 2010; Yin et al., 2020). At the basin scale, 

however, these rankingssame controls remain operative, but their expression is increasingly filtered by long travel distances, 

pathway superposition, and spatial averaging, so that plume evolution becomes more slowly convergent and less sensitive to 

fine-scale structural differences.  In this sense, the controlling mechanisms are not replaced at larger scales, rather, they are 

reorganized through scale-dependent averaging. In short, sedimentary heterogeneity exerts a scale-persistent but scale-570 

reorganized control on solute transport. 

This broader view also holds practical implications for model construction and interpretation. For problems focusing on 

bulk plume transport at regional to basin scales, it is not necessarily required to retain every detail of the fine-scale stratigraphic 

structure, provided that the dominant geological contrasts, lithofacies proportions, and directional organization of the 

connected flow framework are retained. This does not imply that finer-scale heterogeneity is irrelevant, on the contrary, it may 575 

remain important for early-time transport, near-source prediction, and problems sensitive to local concentration gradients. It 

must be acknowledged that neglecting porosity variations and molecular diffusion processes in this study may lead to an 

underestimation of early plume smoothing and lateral mixing, potentially delaying a significant convergence to Fick behaviour. 

However, at the basin scale and in the long-distance travel considered in this paper, structure-controlled velocity variations are 

expected to dominate the dispersion index;response, therefore, the main conclusions regarding relativethe roles of lithofacies 580 

proportions, conductivity contrasts, and connectivityconnected architecture remain unchanged. In that sense, the findings of 

this study support a scale-aware modeling strategy, in which the level of model complexity should be matched to the transport 

behavior of interest, rather than being increased indiscriminately across all scales. Such a scale-aware perspective provides a 

more practical theoretical basis for model simplification, monitoring design, and uncertainty assessment in data-limited 

regional aquifer systems. 585 

Independent 3-D tank/column experiments conducted with sediments from the same Nen River setting (Ma et al., 2022, 

2025) provide small-scale mechanistic insight into the scaling of α(t). By explicitly tying the growth of α(t) to velocity contrasts 

caused by K variability, to lithofacies geometry, and to cross-facies transition, a pronounced scale dependence was observed: 

heterogeneous mixtures produced a much steeper growth of longitudinal α(t) than single facies columns, with best-fit 

longitudinal α(t) on the order of 0.1 m. The consistency between the experimental evidence from this place and basin-scale 590 

model results supports our central conclusion that K-contrast and connectivity governed mechanisms remain influential across 

multiple scales.  

Taken together, the evidence from our study and a review of the broader literature supports three key points: (i) Solute 

dispersion and plume evolution are consistently shaped by coupled contrast- and connectivity-driven processes across scales; 

(ii) the apparent influence of these mechanisms is scale dependent and prolonged pre-asymptotic behaviour and pathway 595 
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superposition buffer bulk transport responses; and (iii) it is sufficient to preserve dominant geological contrasts, lithofacies 

proportions, and directional mean lengths for regional-scale prediction, while problems near a release source or at early 

transport stage still require finer architectural resolution and careful treatment of source size. More broadly, this study 

emphasizes that reliable regional forecasts require not only calibrating mean hydraulic properties but also retaining the 

geological contrasts and connectivity that govern transport, together with explicit recognition of scale-dependent averaging 600 

effects. These insights advance a more integrated understanding of basin-scale solute transport process and provide a 

conceptual basis for monitoring and management designs that remain robust under limited site characterization and persistent 

predictive uncertainty. 

5. Conclusions 

This study provides a comprehensive analysis of multiscale heterogeneity and its influence on non-reactive solute 605 

dispersion and modeling uncertainty within the Nen River Basin aquifer system. By integrating a hierarchical architectural 

model with numerical simulations and cross-scale validation, we have drawn several key conclusions that advance the 

understanding of transport in multiscale heterogeneous media. 

First, our findings demonstrate thatbasin-scale solute dispersion is governed primarily by the geometry and connectivity 

of the dominant, large-scale lithofacies is sufficient to characterize solute dispersion at the basin scale, with smallerframework, 610 

whereas finer-scale architectural heterogeneity mainly modulates the details having a comparatively minor influenceof 

transport. The evolution of dispersivity in our simulations is characterized by a long pre-asymptotic phase, which contrasts 

sharply with the rapid stabilization observed at sites like Borden. This unique behaviour highlights that at the basin scale, 

transport remains in a non-ergodic state for quite a long period of time, requiring a new perspective on long-term plume 

dynamics that accounts for this prolonged pre-asymptotic regime. 615 

Second, we clarified the primary sources of modeling uncertainty. Our results showstudy identifies a “distinct buffering 

effect” inherent to in basin-scale systems,transport. where long travel distances and numerous superimposed pathways dampen 

the variability caused by local heterogeneity. This contrasts with local-scale studies where preferential channels can lead to 

orders-of-magnitude variability in plume metrics. We found that the geometry of the contaminant source significantly impacts 

early-time uncertainty, but this effect is muted at later stages by large-scale spatial averaging. This underscores that for basin-620 

scale problems, preserving dominant geological contrasts and connectivity is crucial, while the influence of local details 

diminishes over timeAlthough source geometry, lithofacies proportions, and inter-facies hydraulic contrasts all influence 

plume evolution, their effects on uncertainty are moderated by long travel distances, pathway superposition, and spatial 

averaging. Source dimensions remain important for early-time uncertainty, but their influence becomes less pronounced as 

transport integrates progressively larger parts of the heterogeneous domain. 625 

Finally, we established a robust, multiscale framework for analyzingThird, the results support a scale-aware interpretation 

of solute transport in complexheterogeneous aquifers. This work highlightsSedimentary heterogeneity exerts a control on 

transport that reliableis persistent across scales but reorganized in its expression at the basin scale. For regional predictions 
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require not only accurate parameterization but also an explicit accounting for scale-dependent averaging effects- to basin-scale 

prediction, it is therefore most important to preserve dominant geological contrasts, lithofacies proportions, and the unique 630 

behaviour of dispersion in vast, non-ergodic systems. This approach is essential for designing effectiveconnected architectural 

organization. This provides a more practical basis for model simplification, monitoring networksdesign, and robust 

riskuncertainty assessment models in areas with data-limited site characterization.regional aquifer systems. 
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