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Abstract. Complex microstructures are commonly simplified to a single continuum for interpreting Darcy-scale heat and 11 

solute transport, and tracers are often treated as interchangeable proxies for flux estimation. However, the specific impacts of 12 

microstructural heterogeneity on tracer-specific bias regimes remain poorly understood. We conducted controlled laboratory 13 

solute and heat tracer experiments using four sands with distinct grain size distributions, combined with micro-CT imaging 14 

and topological analysis of a controlled endmember pair. Although Darcy-scale analytical models reproduced observed 15 

breakthrough curves with excellent fidelity (mean R² > 0.99, NRMSE < 0.037), tracer-derived fluxes systematically 16 

underestimated independently measured Darcy fluxes in a tracer-specific manner. Solute fluxes were linearly underestimated 17 

by ~25% in the more heterogeneous sands, correlating with right-skewed pore-size distributions (skewness = 0.781) and non-18 

Gaussian breakthrough behavior. In contrast, heat fluxes were nonlinearly and velocity-dependently underestimated, reaching 19 

up to 45% (including 19% spatial variability in volumetric heat capacity) in the most heterogeneous medium, with the solute-20 

to-heat divergence ratio increasing with flow velocity. Micro-CT analysis revealed that the sand mixture possessed a more 21 

negative Euler number (−9,210 vs. −6,288) and exhibited representative elementary volume instability, indicating that tortuous 22 

pore connectivity amplifies local thermal non-equilibrium under fast flow. Conventional geostatistical metrics (e.g., Matérn 23 

smoothness) failed to distinguish these structural differences. These findings demonstrate that microstructural heterogeneity 24 

imposes physics-dependent, systematic biases that are invisible to standard continuum models and geostatistical descriptors, 25 

and that heat tracers become less reliable than solute tracers under high-velocity heterogeneous conditions. Process-aware 26 

metrics linking pore-network topology to transport behavior are needed to resolve these upscaling failures. 27 

 28 
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1 Introduction 

Understanding transport processes in porous media is mandatory for economic and sustainable utilization of groundwater as 

hydraulic and thermal resources (Fetter, 2001; Freeze and Cherry, 1979; Stauffer et al., 2013). In practice, groundwater flow 

and transport within an aquifer has been described with the volume-averaged parameters of a well-selected control volume 

that is large enough to represent the target aquifer (Bear, 1972). Through volume-averaging, the complicated characteristics in 35 

small-scale areas were inevitably simplified by aggregating into volume-averaged parameters. For example, when modelling 

alluvial aquifers in the field, it generally assumes layered heterogeneity based on hydrofacies (Davis et al., 1997) in assigning 

single hydraulic conductivity which ignores small-scale heterogeneity within each layer. For heat transport in porous media, 

an additional simplification is frequently invoked: local thermal equilibrium (LTE), where the solid and neighboring fluid are 

assumed to reach instantaneous thermal equilibrium so that they share the same temperature in a representative elementary 40 

volume. LTE is typically assumed in many hydrogeological applications based on the sufficiently low groundwater flow 

velocity that guarantees enough time for thermal equilibrium (Rau et al., 2012a). Under these simplifications, both conservative 

solute and heat tracers have been widely treated as interchangeable proxies for estimating Darcy flux, with their front velocities 

converted to bulk flow via porosity or heat-capacity ratios (Anderson, 2005; Irvine et al., 2015; Sudicky, 1986). 

Yet, small-scale phenomena that are typically ignored in these simplifications can substantially influence the larger-scale 45 

transport interpretation (Irvine et al., 2015; Irvine et al., 2016; Yin et al., 2023). Yin et al. (2023) pointed out that the small-

scale heterogeneity within sub-hydrofacies significantly contributed to better prediction of transport in layered heterogeneous 

aquifers. Likewise, violation of LTE (referred to as local thermal non-equilibrium, LTNE) may become influential in shallow 

aquifers and its occurrence can be amplified by hydraulic conductivity contrasts (Hamidi et al., 2019; Shi et al., 2025) and 

small-scale nonuniform flow (Baek et al., 2022; Lee et al., 2025). These examples collectively suggest that microstructural 50 

heterogeneity and the resulting nonuniform flow can propagate across scales, altering the accurate prediction of heat transport 

at the Darcy scale. However, the specific impacts of microstructural heterogeneity on Darcy-scale transport parameter 

estimation have been poorly understood from a practical point of view, particularly with respect to how identical pore structures 

may generate fundamentally different, tracer-specific bias regimes. While complex pore networks and local variations in 

particle size distribution can create preferential pathways or impede flow, thereby affecting overall transport dynamics (Afshari 55 

et al., 2020), the differential consequences for solute versus heat tracers remain unresolved. 

Recently, motivated by growing demand for upscaling for practical applications (Zhang et al., 2021), a few studies have 

overcome the challenge of scale disparity due to extremely high computational cost to make reliable predictions on 

representative volumes (Mehmani and Tchelepi, 2018) and have increasingly highlighted the critical impact of microstructural 

heterogeneity when applying Darcy-scale approaches, demonstrating that microscale interactions can significantly alter bulk 60 

transport parameters (Afshari et al., 2020; Ilgen et al., 2024; Qu et al., 2024). This understanding underscores the need to 

bridge the gap between pore-scale observations and Darcy-scale models to achieve accurate predictions. Despite the growing 
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recognition of the need to bridge microstructural heterogeneity and Darcy-scale transport, practical approaches based on 

systematic experimental studies on the specific impacts of microstructural heterogeneity on Darcy-scale transport parameter 

estimations remain limited. 65 

To address this knowledge gap, the present study examines the effects of microstructural heterogeneity on transport parameter 

estimation within Darcy-scale analytical frameworks, using controlled laboratory experiments supported by micro-CT imaging 

and geostatistical analysis. We hypothesize that microstructural heterogeneity generates tracer-specific bias regimes: solute 

fluxes will be linearly underestimated via non-Gaussian mechanical dispersion, whereas heat fluxes will be nonlinearly 

underestimated via local thermal non-equilibrium, with the divergence increasing in more heterogeneous media. The transport 70 

behaviors of solute and heat in the porous media of three relatively homogeneous single-numbered sands and a mixture of 

three sands were analyzed using Darcy-scale analytical models. By characterizing the distinct transport behavior of the sand 

mixture, the influence of microstructural heterogeneity on Darcy-scale quantities was interpreted. In addition, micro-CT 

imaging was applied to support the existence of distinct microstructural heterogeneity of sands. Based on these CT images, 

geostatistical and topological measures were derived for the sands to assess their potential applicability in quantifying 75 

microstructural heterogeneity and enabling the bridging of pore-to Darcy-scale interpretations. 

2 Material and methods 

2.1 Comparative study on solute and heat tracer experiments using different types of sand 

To examine the influence of microstructural heterogeneity on the Darcy-scale (here, cm-scale) interpretation of solute and heat 

transport within natural porous media, we conducted a series of laboratory experiments involving four distinct sand types: 80 

three relatively homogeneous sands (referred to as single-numbered sands—Sand #3, Sand #4, and Sand #5—in previous 

studies) and a mixture of these sands (Sand Mixture). Figure 1a shows the laboratory experimental setup which consists of an 

acrylic tank with dimensions of 1.3 m × 0.6 m × 0.8 m (L × W × H). The tank was composed of a central sand tank and two 

side water chambers. Within the central sand tank, microelectrodes (Microelectrodes, USA) and thermometers (Pt100, Hayashi 

Denko, Japan) were strategically positioned to facilitate measurement of fluid electrical conductivity (EC) and temperature 85 

during tracer experiments. All data was digitized and recorded through a data acquisition (DAQ) system which consists of 

isoPods (EP357, eDAQ, Australia) and resistance temperature detector input modules (NI-9217, National Instruments, USA) 

coupled to a CompactDAQ chassis (cDAQ-9178, National Instruments, USA). Prior to each transport experiment, we 

undertook an initialization phase to eliminate any residual tracers from the porous medium, ensuring pristine initial conditions. 
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 90 

Figure 1: Overview of the laboratory experimental setup: (a) Schematic diagram of the sand tank, measurement, and data 

acquisition system (after Baek et al., 2022); (b) sensor locations aligned in the centerline (Baek et al., 2024); (c) grain size analysis 

results for the natural sands used (after Park, 2019 and Baek et al., 2024). 

This experimental setup was designed and used in previous studies to investigate the relationship between flow velocity and 

dispersion (Baek et al., 2024), assess the impact of the thermal dispersivity and its ratio during heat transport (Park et al., 2018; 95 

Park and Lee 2021), and explore the presence of local thermal non-equilibrium heat transport (Baek et al., 2022). Building 

upon previous experiments conducted with three sand types, we additionally performed a new experiment using a relatively 

heterogeneous sand. All experiments employed the same laboratory system but used four different types of sand to examine 

how pore-scale heterogeneity influences the estimation of Darcy-scale transport parameters for heat and solute transport. 

All solute tracer experiments were conducted following the same tracer injection protocols as outlined in Baek et al. (2022). 100 

A conservative tracer, 500 ppm sodium chloride (NaCl) solution (99.5%, Junsei Chemical, Japan), was injected into location 

L3 (Fig. 1b) for a duration of 1 minute at a flow rate of 50 ml/min. The concentration of the solution was carefully determined 

to avoid any additional density effects that might interfere with the estimation of transport parameters (e.g., see Schinacariol 

and Schwartz, 1990). Four microelectrodes were positioned at locations L3, L15, L20, and L29 (as indicated in Fig. 1b) to 

monitor changes in EC along the direction of flow. Sensors were linked to the DAQ system and the signal was monitored on 105 

a computer via PodVu software (eDAQ, Australia) to record the fluid's EC values at 1-second intervals (i.e., 1 Hz) during each 

experiment. 
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For heat tracer experiments, we followed the same procedure as described in Park (2019). As a point heat source, we employed 

an electrical resistor with a 7 mm diameter, a resistance of 47 Ω, and a power output rating of 5 W which was positioned at 110 

location L8 in Fig. 1b. To apply a constant power ranging from 2.266 to 4.495 W we used a laboratory DC power supply with 

an AC input of 220 V and an adjustable DC output of 0–30 V. Following each heat experiment, a continuous water flow was 

maintained to achieve thermal equilibrium with the inlet, while temperature changes were monitored using 29 sensors 

connected to a DAQ system. DAQ software (DAQmx and LabVIEW 2015) enabled the real-time monitoring of temperature 

signals on the computer. Temperature readings were recorded at 0.1-second intervals (i.e., 10 Hz) throughout each experiment. 115 

As natural porous materials, four different grain size distributions of silica sand (dry sand, Joomoonjin Silica Sand Co., Ltd., 

Republic of Korea) were used: Sand #3 (S3; 8–16 mesh), Sand #4 (S4; 20–30 mesh), Sand #5 (S5; 30–60 mesh), and finally 

Sand Mixture (SM). To broaden the grain size distribution, three sands (S3, S4, and S5) were mixed in a 2:1:2 ratio using a 

concrete mixer (DKM-230C; DaeKwang Construction Machinery Co., Ltd., Republic of Korea), ensuring thorough 

randomization of particles to create the Sand Mixture. Since the sand tank volume was much larger than the concrete mixer 120 

(maximum 230 L), the mixing process was conducted repeatedly 16 times. For every mixing cycle, the mixture of sand was 

sampled for grain size analysis. The grain size analysis results, as visually depicted in Fig. 1c, showed that the grain size 

distribution of SM ranged from the minimum grain size of S5 (the finest dry sand) to the maximum grain size of S3 (the 

coarsest dry sand) with a similar mean grain size (d50) of 0.84 mm to S4 (d50 = 0.76 mm). Uniformity (U) of SM was increased 

to 2.06 compared to that of other sands (1.36–1.50). The weight percentage that passed the sieves also showed a greater 125 

variability across analyses compared to other sands (see Table 1). The values of mean grain size indicate the presence of very 

coarse to coarse sand as defined by Friedman and Sanders (1978). 

Physical and hydraulic parameters for S3, S4, and S5 were carefully estimated in Park (2019). He analyzed the mineral 

proportion of sand samples using X-ray diffraction (XRD) analysis indicating that high portion of quartz for all sands (68–

76%). The pore volume was measured in a laboratory using a burette and graduated cylinder for at least 16 samples and the 130 

mean porosity was determined to be 0.367  0.005 for S3, 0.374  0.005 for S4, 0.377  0.006 for S5, and 0.324  0.007 for 

SM. Hydraulic conductivity was evaluated by a constant-head permeameter as ranging between 7 and 14 cm/min for all sands. 

The physical and thermal characteristics of all used sands are outlined in Table 1.   
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Table 1 Hydraulic, physical and thermal properties of used porous media. 

Porous medium Property Value Classification Comment Reference 

Sand #3 (S3) 

d50
1 [mm] 1.28  0.005 Very coarse sand* Sieve analysis [1] 

[1] 

[1] 

[1] 

[1] 

[1] 

U2 [-] 1.36  0.01 - Sieve analysis 

K3 [cm/min] 14.0  0.4 Sand or gravel** Constant-head permeameter 

n4 [-] 0.367  0.005 Sand or gravel or silt** Experiments 

ρc [MJ/m3/K] 2.78 ± 0.0592 Sand or silt*** Heat tracer test under no flow 

λ [W/m/K] 1.954 ± 0.107 Sand or gravel or silt*** Heat tracer test under no flow 

Sand #4 (S4) 

d50
1 [mm] 0.76  0.010 Coarse sand* Sieve analysis [1] 

U2 [-] 1.50  0.03 - Sieve analysis [1] 

K3 [cm/min] 10.2  0.3 Sand or gravel** Constant-head permeameter [1] 

n4 [-] 0.374  0.005 Sand or gravel or silt** Experiments [2] 

ρc [MJ/m3/K] 2.80 ± 0.0349 Sand or silt*** Heat tracer test under no flow [2] 

λ [W/m/K] 1.908 ± 0.078 Sand or gravel or silt*** Heat tracer test under no flow [2] 

Sand #5 (S5) 

d50
1 [mm] 0.52  0.003 Coarse sand* Sieve analysis [1] 

U2 [-] 1.41  0.01 - Sieve analysis [1] 

K3 [cm/min] 7.8  0.1 Sand or gravel** Constant-head permeameter [1] 

n4 [-] 0.377  0.006 Sand or gravel or silt** Experiments [3] 

ρc [MJ/m3/K] 2.68 ± 0.124 Sand or silt*** Heat tracer test under no flow [3] 

λ [W/m/K] 2.001 ± 0.165 Sand or silt*** Heat tracer test under no flow [3] 

Sand Mixture 

(SM) 

d50
1 [mm] 0.84  0.09 Coarse sand* Grain size analysis [4] 

U2 [-] 2.06  0.19 - Sieve analysis [4] 

K3 [cm/min] 9.3  0.2 Sand or gravel** Constant-head permeameter [4] 

n4 [-] 0.324  0.007 Sand or gravel or silt** Experiments [4] 

ρc [MJ/m3/K] 2.71 ± 0.147 Sand or silt*** Heat tracer test under no flow [4] 

λ [W/m/K] 1.960 ± 0.120 Sand or gravel or silt*** Heat tracer test under no flow [4] 

1d50: mean grain size, 2U: uniformity, 3K: hydraulic conductivity, 4n: porosity 135 
* Friedman and Sanders, 1978 ** Freeze and Cherry, 1979 *** values for saturated sediments. Stauffer et al., 2013 

[1] Park, 2019 [2] Baek et al., 2022 [3] Baek et al., 2024 [4] Current study 

 

To enable a comparative analysis of transport processes in water-saturated porous media of varying particle size distributions, 

this study adopted solute and thermal transport parameter values from earlier studies: those for S3 provided in Park (2019), 140 

and for S4 and S5 found in Baek et al. (2024). For the SM, solute transport experiments were conducted at 15 distinct Darcy 

fluxes ranging from 4.66 to 31.22 m/d. Heat tracer experiments were conducted for (ⅰ) no-flow conditions to derive thermal 

parameters, and for (ⅱ) a range of flow conditions with flux rates varying from 4.89 to 30.23 m/d. All tracer experiments were 

conducted independently using the same experimental apparatus. Darcy fluxes were carefully calculated from the measured 

volumetric flow rate of the outlet tank and the cross-sectional area of flow, ensuring direct and reliable comparison between 145 

the two tracers. A detailed summary of the testing conditions for the four sand types is provided in Table 2.  
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Table 2. Summary of experimental conditions (after Baek et al. (2024), and Park (2019)). 

Porous 

material 

Experiment No flow   

(Heat) 

Horizontal flow 

(Solute) 

Horizontal flow 

(Heat) 

Reference 

Sand #3 

(S3) 

Runs 1 - 10 Park, 2019 

Darcy velocity 

range 

- - –40.38 m/d 

Tracer input Step input 

4.71 W 

- Step input 

4.71 W 

Sand #4 

(S4) 

Runs 7 18 34 Baek et al., 2022 

Darcy velocity 

range 

- 8.9–36.5 m/d 8.1–36.8 m/d 

Tracer input Step input 

2.27–4.52 W 

Finite pulse input  

For 1 minute 

by 50 ml/min 

Step input 

2.94–4.52 W 

Sand #5 

(S5) 

Runs 10 15 41 Baek et al., 2024 

Darcy velocity 

range 

- 10.4-30.1 m/d 12.3–39.3 m/d 

Tracer input Step input 

2.27–4.50 W 

Finite pulse input  

For 1 minute 

by 50 ml/min 

Step input 

2.27–4.50 W  

Sand 

Mixture 

(SM) 

Runs 6 15 25 Current study 

Darcy velocity 

range 

- 4.7-36.2 m/d 4.9–30.3 m/d 

Tracer input Step input 

3.07–3.80 W 

Finite pulse input  

For 1 minute 

by 50 ml/min 

Step input 

3.17–4.24 W  

2.2 Darcy-scale analytical modeling of solute and heat transport 

In the current study, to unveil the influence of pore structure complexity on continuum-scale transport interpretation, analytical 

models established for Darcy-scale were applied to obtain transport parameters (i.e., tracer front velocity, and dispersion 150 

coefficient) of different sized sands. At the continuum scale, if instantaneous thermal equilibrium between the solid and 

adjacent fluid can be assumed, the advective–dispersive transport of both solute and heat within a representative elementary 

volume (REV) is described by a differential transport equation (DTE) (de Marsily, 1986) as follows: 

𝜕𝑆

𝜕𝑡
= 𝐷𝛻2𝑆 − 𝑣𝛻𝑆                   (1) 

where S is the concentration [kg/m3] or temperature [K], D is the tracer dispersion coefficient [m2/s], and v is the tracer front 155 

velocity [m/s]. Under no-flow conditions, advective transport can be ignored, and thus Eq. (1) can be rewritten as 
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𝜕𝑆

𝜕𝑡
= 𝐷𝛻2𝑆.                    (2) 

Hunt (1978) solved the DTE (Eq. (1)) for solute transport under groundwater flow, assuming a continuous point source moving 

along the x direction with a source strength M [kg/s] to address pollution problems occurred in hydrogeological environments. 

The resulting solution is given by the following equation: 160 

𝐶(𝑥, 𝑦, 𝑧, 𝑡) =
𝑀

8𝜋𝑛𝑒𝑟𝐷𝑇
𝑠 𝑒𝑥𝑝 (

𝑥𝑣𝑠

2𝐷𝐿
𝑠) [𝑒𝑥𝑝 (−

𝑟𝑣𝑠

2𝐷𝐿
𝑠) 𝑒𝑟𝑓𝑐 (

𝑟−𝑣𝑠𝑡

2√𝐷𝐿
𝑠𝑡

) + 𝑒𝑥𝑝 (−
𝑟𝑣𝑠

2𝐷𝐿
𝑠) 𝑒𝑟𝑓𝑐 (

𝑟+𝑣𝑠𝑡

2√𝐷𝐿
𝑠𝑡

)]            (3) 

with the initial condition of 

𝐶(𝑥, 𝑦, 𝑧, 𝑡 =  0) = 𝐶0 = 0 𝑓𝑜𝑟 − ∞ < (𝑥, 𝑦, 𝑧) <  ∞               (4) 

and the radial distance given by 

𝑟 = √𝑥2 +
𝐷𝐿

𝑠

𝐷𝑇
𝑠 (𝑦2 + 𝑧2)                   (5) 165 

where ne is the effective porosity [-], and the superscript s indicates that the parameter pertains to solute transport. In the case 

of solute transport, as detailed in Rau et al. (2012a), and Baek et al. (2022), Eq. (3) was normalized to disregard the potential 

influences of hydraulic pressure on EC monitoring by dividing C(x, y, z, t → ∞) as 

𝐶𝑛(𝑟, 𝑡) =
1

2
[𝑒𝑟𝑓𝑐 (

𝑟−𝑣𝑠𝑡

2√𝐷𝐿
𝑠𝑡

) + 𝑒𝑥𝑝 (
𝑟𝑣𝑠

𝐷𝐿
𝑠 ) 𝑒𝑟𝑓𝑐 (

𝑟+𝑣𝑠𝑡

2√𝐷𝐿
𝑠𝑡

)]               (6) 

where Cn is the normalized concentration [–] ranging between 0 and 1. Here, we call this analytical model as normalized 170 

moving continuous point source (NMCPS) model. 

For heat transport under local thermal equilibrium within porous media, assuming that a point source located at the origin of 

an infinite porous medium that continuously operates (𝑊(0,0, 0, 𝑡 > 0) = 𝑄) under the uniform flow in the x direction, Eq. 

(1) for heat transport was originally solved by Carlslaw and Jaeger (1959), and later modified by Rau et al. (2012a) with the 

initial condition of 𝑇(𝑥, 𝑦, 𝑧, 𝑡 = 0 ) = 𝑇0and boundary condition of 𝑙𝑖𝑚
𝑥,𝑦,𝑧→∞

𝑇(𝑥, 𝑦, 𝑧, 𝑡) = 𝑇0 as 175 

𝑇(𝑥, 𝑦, 𝑧, 𝑡) = 𝑇0 +
𝑄

8𝜋𝐷𝑇
𝑡 𝜌𝑐𝑟′ 𝑒𝑥𝑝 (

𝑥𝑣𝑡

2𝐷𝐿
𝑡) [𝑒𝑥𝑝 (−

𝑟′𝑣𝑡

2𝐷𝐿
𝑡 ) 𝑒𝑟𝑓𝑐 (

𝑟′−𝑣𝑡𝑡

2√𝐷𝐿
𝑡𝑡 

) + 𝑒𝑥𝑝 (
𝑟′𝑣𝑡

2𝐷𝐿
𝑡 ) 𝑒𝑟𝑓𝑐 (

𝑟′+𝑣𝑡𝑡

2√𝐷𝐿
𝑡𝑡 

)]           (7) 

with the radial distance defined as below: 

𝑟′ = √𝑥2 +
𝐷𝐿

𝑡

𝐷𝑇
𝑡 (𝑦2 + 𝑧2)                   (8) 
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where Q is the source strength [W], ρc is the volumetric heat capacity of control volume [MJ/m3/K], subscript L denotes the 

longitudinal direction, T denotes the transverse direction, and superscript t indicates parameter related to heat transport. With 180 

same initial and boundary conditions, when only considering conduction within the porous medium, Eq. (2) for heat transport 

can be solved as (Carslaw and Jaeger, 1959) 

𝑇(𝑥, 𝑦, 𝑧, 𝑡) = 𝑇0 +
𝑄

8𝜋𝐷0
𝑡𝜌𝑐𝑟′ 𝑒𝑟𝑓𝑐 (

𝑟′

√4𝐷0
𝑡𝑡

)                 (9) 

where D0
t is the thermal diffusion coefficient [m2/s], which indicates how fast the thermal energy can be diffused into the 

porous medium. Equations (7) and (9) are also known as the moving continuous point source (MCPS) and continuous point 185 

source (CPS) models, respectively. 

For the analytical modeling of the conducted tracer experiments, the fitting between the analytical solutions and obtained time-

series data was progressed by minimizing the squares of residual sum using nonlinear least squares methods implemented in 

MATLAB. The quality of fitting results was quantified by normalized root mean square error (NRMSE) defined as  

𝑁𝑅𝑀𝑆𝐸 = √
∑ (𝑆𝑖−𝑂𝑖)2𝑁

𝑖=1

∑ (𝑂𝑖)2𝑁
𝑖=1

                 (10) 190 

where 𝑆𝑖 is the ith predicted data, and 𝑂𝑖  is the ith observed data. In case of solute tracer experiments, the observed EC time 

series were integrated over time and normalized for finite pulse input to match the form of the NMCPS model (Eq. (6)). During 

the data preprocessing, the diffusion coefficient of sodium chloride in free water (1.47×10-9 m2/s), reported by Vitagliano and 

Lyons (1956), was utilized. As a result, the solute front velocities (𝑣𝑓𝑖𝑡
𝑠 ) and solute dispersion coefficients (𝐷𝑓𝑖𝑡

𝑠 ) were estimated 

for each experiment. Similarly, the thermal front velocities (𝑣𝑓𝑖𝑡
𝑡 ) and thermal dispersion coefficients (𝐷𝑓𝑖𝑡

𝑡 ) were estimated for 195 

heat transport experiments conducted at various flow velocities by the MCPS model (i.e. Eq. (7)). Unlike solute, however, 

since thermal diffusivity depends on the properties of used porous medium, the thermal properties of sand were estimated by 

fitting the temperature time-series data obtained from heat transport experiments under no-flow condition to the CPS model in 

Eq. (9). 

For further analysis to assess the influence of pore-scale heterogeneity on groundwater flow velocity estimates, an additional 200 

comparison was conducted between measured Darcy flux (𝑞𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 , [m/s])—based on in-situ flow rate measurements—and 

solute- or heat-based Darcy fluxes (𝑞𝑠, 𝑞𝑡 [m/s])—calculated using tracer front velocities (𝑣𝑓𝑖𝑡
𝑠 , 𝑣𝑓𝑖𝑡

𝑡 ) obtained from analytical 

modeling. Each tracer front velocity can be expressed with Darcy flux (𝑞, [m/s]) as (Rau et al., 2012a) 

𝑣𝑠 =
𝑞

𝑛𝑒
                   (11) 

𝑣𝑡 =
𝜌𝑤𝑐𝑤

𝜌𝑐
𝑞                  (12) 205 
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where the subscript w denotes the water. Stemmed from Eqs. (11) and (12), the effective Darcy fluxes of solute and heat base

d on tracer front velocities (Eqs. 6 and 7) can be rearranged as 

𝑞𝑠 = 𝑛𝑒𝑣𝑓𝑖𝑡
𝑠                   (13) 

𝑞𝑡 =
𝜌𝑐

𝜌𝑤𝑐𝑤
𝑣𝑓𝑖𝑡

𝑡                   (14) 210 

Here, the ratio between 𝑞𝑠 and 𝑞𝑡 can be expressed using apparent and effective retardation factor (Rapp, and Reff) suggested b

y Gossler et al. (2019) as 

𝑞𝑠/𝑞𝑡 =
𝑛𝑒𝑣𝑓𝑖𝑡

𝑠

𝜌𝑐

𝜌𝑤𝑐𝑤
𝑣𝑓𝑖𝑡

𝑡 =
𝑣𝑓𝑖𝑡

𝑠

𝑣𝑓𝑖𝑡
𝑡  (1/

𝜌𝑐

𝑛𝑒𝜌𝑤𝑐𝑤
) = 𝑅𝑒𝑓𝑓/𝑅𝑎𝑝𝑝              (15) 

where 

𝑅𝑒𝑓𝑓 =
𝑣𝑓𝑖𝑡

𝑠

𝑣𝑓𝑖𝑡
𝑡                   (16) 215 

𝑅𝑎𝑝𝑝 =
𝜌𝑐

𝑛𝑒𝜌𝑤𝑐𝑤
                  (17) 

Since the experimental system represents an unconfined aquifer, the hydraulic head is a function of distance along the flow d

irection. The steady-state flow in the x direction within experimental system can be described by Darcy’s law as 

𝑄 = 𝑞𝐴 = 𝑞(𝑥) 𝑤 ℎ(𝑥)                 (18) 

where 𝑄 is the volumetric flow rate measured at the outlet tank [m3/s], 𝑞(𝑥) is the local Darcy flux at x [m/s], 𝑤 is the aquife220 

r width [m] (here, the width of sand tank), and ℎ(𝑥) is the hydraulic head at x [m]. Thus, the measured Darcy flux (𝑞𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑

) is also the function of x. Assuming the Dupuit approximation without consideration of infiltration and evapotranspiration, 

Eq. (18) can be expressed as 

𝑞𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑(𝑥) =
𝑄

𝑤ℎ(𝑥)
=

𝑄

𝑤√ℎ1
2−

(ℎ1
2−ℎ2

2)𝑥

𝐿

                (19) 

where ℎ1 and ℎ2 are the hydraulic heads at the inlet and outlet tank [m], and 𝐿 is the length of the sand tank [m]. For uncertainty 225 

assessment of Darcy flux estimates from solute and heat tracers (𝑞𝑠, and 𝑞𝑡), these flux estimates—calculated via Eqs. (13) 

and (14)—are directly compared with 𝑞𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑  corrected by Eq. (19). Because the unconfined flow field yields a spatially 

varying Darcy flux, q(x) was corrected via Eq. (18) at the x-coordinate of each monitoring location (L3: x ≈ 35 cm; L8: x ≈ 40 

cm; L15: x ≈ 45 cm; L20: x ≈ 50 cm; L25: x ≈ 55 cm; L29: x ≈ 59 cm; see Fig. 1b). To compare the tracer-derived and 

measured Darcy flux, this study defined the ratio between them as 230 

𝛤𝑠,𝑡 = 𝑞𝑠,𝑡/𝑞𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑                  (20) 

where superscript s indicates solute- and t indicates thermal-derived. 
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2.3 Micro-CT imaging and image processing 

S4 and SM were selected for microstructural heterogeneity because their similar mean grain sizes (d₅₀ ≈ 0.76 vs. 0.84 mm) but 

contrasting uniformity coefficients (U = 1.50 vs. 2.06) create a controlled natural experiment that isolates pore-network 235 

complexity from grain-size effects. The actual pore structures of sand samples were represented using images obtained by an 

X-ray micro-CT scanner (SkyScan 1276, Bruker Corporation, Germany) at the Common Research Facility of Biological 

Sciences, Seoul National University. For micro-CT image analysis, sand samples were wet packed with water within a 

customized acrylic mold (11 mm inner diameter, 61.5 mm height). The sand was packed up to a height of 40 mm, yielding a 

bulk volume of 3.8 ml. Each sample was placed on a 16 mm bedding before being mounted onto the scanner. Scanning process 240 

was performed using an X-ray source set to 70 kV and 57 μA. The scanning resolution was optimized to 10 μm by adjusting 

the source intensity and detector resolution. Since scanning conditions are not standardized, they were optimized according to 

the specific characteristics of each sample. To minimize diffuse reflection effects, the X-ray source underwent a full 360° 

spiral rotation during scanning. A summary of the scanning parameters is presented in Table 3. 

The scanned images were reconstructed using the NRecon® software (Bruker Corporation, Germany) while compensating for 245 

misalignment and correcting artifacts such as beam hardening, and ring artefacts. A region of interest (ROI) was selected as a 

circular area with a diameter of 9.35 mm, thereby eliminating potential wall effects from the packing process. Following image 

reconstruction, the segmentation process to distinguish pore space and grain was performed using CT Analyser (CTAn, Bruker 

Corporation, Germany). 

After segmentation, the resulting CT images were binarized using value 0 for pore and 1 for grain. By stacking each image in 250 

high-resolution, a three-dimensional indicator field was constructed to represent the pore structure of the target medium (Adler 

and Thovert, 1998). CTAn provided the size distributions of pore and grain and normality of that distribution was evaluated 

by calculating the statistical measure: skewness and kurtosis. Also, the heterogeneity of pore size was additionally assessed by 

coefficient of variance defined as the ratio of mean and standard deviation. Using this indicator field, which consists of 0 and 

1, porosity can be directly calculated as the ratio of pore voxels to total voxels. By varying the size of the sampling volume, 255 

the porosity within the control volume for each medium was explored. From the volumetric analysis, the representative 

elementary volume of each sand was identified as the minimum control volume size beyond which the coefficient of variation 

of porosity, calculated from 1,000 randomly sampled volumes, remained consistently below 10%. Sizes of grains and pores 

were characterized from the high-resolution micro CT images using CT Analyser software. Examples of the resulting CT 

images of the two sand types (S4 and SM) are shown in Fig. 2. 260 
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Table 3. Scanning and reconstruction conditions in the present study. 

Conditions Unit Value 

Scanning Power of voltage kV 70 

Scanning Current μA 57 

Scanning Voxel dimension (x, y, z) μm 10.00×10.00×10.00 

Scanning Number of voxels (x, y, z) - 1968×2688×1532 

Reconstruction Number of pixels in ROI pixels 936 

Reconstruction Number of views pixels 2106 

 

 

 265 

Figure 2: Examples of micro CT images for sand S4 and SM after reconstruction (a), after segmentation (b), and in 3-D view (c) 
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2.4 Quantification of pore-network complexity 

To feasibly incorporate this understanding into Darcy-scale transport modeling, a quantitative parameter that enables the 

linkage between pore structure and Darcy-scale behavior is needed. In this context, this study adopted two measures which 270 

can represent microstructural complexity. First, Euler number is one of measures that represents connectedness of pore 

structures (Vogel and Ruth, 2001; Pires et al., 2020). Next, a geostatistical metric called smoothness parameter as the measure 

of pore roughness which was adopted by Di Palma et al. (2017). The resulted quantitative microstructure heterogeneities were 

compared to the results of normality deviation that can be represented by skewness and kurtosis for the linkage to Darcy-scale 

behavior. Skewness and kurtosis were obtained by computing third and fourth temporal moments of each time-series data at 275 

all monitoring locations for both solute and heat. The resulted 3-D CT data was used to derive geostatistical properties related 

to the pore network: Euler number, and pore roughness. Three-dimensional Euler number was computed by CTAn from 

binarized images using a connectivity-based topological framework following the Conneulor concept (Gunderson et al., 1993). 

For roughness of medium structure defined as short distance autocorrelation (Di Palma et al., 2017), it was determined by 

smoothness parameter (𝜈) in a variogram analysis. To characterize the spatial covariance of the binary matrix, the Matérn 280 

model was adopted due to its flexibility, which allows for a wide range of correlation behaviors without imposing Gaussianity 

(Di Palma et al., 2017). Under the assumption of isotopy, the Matérn model is defined as (Matérn, 1960) 

γ(h) = 𝑐 (1 −
1

2𝜈−1Γ(𝜈)
(

𝑟

𝑎
)

𝜈

𝐾𝜈 (
𝑟

𝑎
)) , 𝑟 = |ℎ| ≥ 0              (21) 

where 𝛾(ℎ) is the semi-variogram [-], 𝑐 is the sill [-], 𝑎 is the correlation length of semi-variogram [μm], 𝑟 is the spatial 

distance [μm], 𝜈 is the smoothness parameter that related to the pore roughness [-], 𝛤 is the gamma function, and 𝐾𝜈 is the 285 

modified Bessel function of the second kind of order 𝜈. The fitting between the experimental variogram and the Matérn model 

(Eq. (21)), referred to as variogram analysis, was performed using the function based on nonlinear least square method 

implemented in MATLAB.  

Assuming isotropy (or weak anisotropy), the microstructure within a given control volume can be adequately characterized 

using reduced dimensionality (Davis et al., 2011; Golovnina, 2004). Thus, rather than modeling the fully connected pore 290 

network, 2D planes were extracted from 50 randomly selected subdomains to reduce computational cost and mitigate potential 

spatial bias. Within each subdomain, 50 planes were randomly selected, yielding 2,500 2D planes per sand sample (S4 and 

SM). For each of the 2,500 planes, an experimental variogram was derived using a MATLAB script provided by Schwanghart 

(2025). To evaluate the assumption of isotropy and the influence of domain size, variogram analyses were conducted on XY, 

YZ, and XZ planes using indicator fields with dimensions of 100³, 200³, and 400³ voxels. The overall pore network 295 

quantification process using variogram analysis applied in this study is visualized in Fig. A1. 
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3 Results 

3.1 Comparative results of Darcy-scale analytical modelling for all sands 

In this section, Darcy-scale transport quantities for all sand including Sand Mixture (SM) were comprehensively interpreted. 300 

Fig. 3 compares the measured experimental data with fitted analytical solutions. Through the fitting processes, velocity and d

ispersion parameters for solute and heat transport through SM were determined. Before interpreting the results, it is importan

t to assess the fitting quality to ensure the reliability of subsequent analysis. Fig. 3a shows the best and worst fitting cases bet

ween the measured and reproduced normalized concentration data from the selected analytical model (Eq. (6)). In the worst c

ase, a small misfit appears in the tail part particularly for the farthest sensor (L29 in Fig. 1b) from the injection point. Howev305 

er, the NRMSE for all cases was below 0.023, confirming that the analytical model accurately reproduced the normalized con

centration profiles. 

 

 

Figure 3: Examples of the best and worst fits between experimental measurements and analytical solution: (a) Best SFM results at 310 
a Darcy flux of 10.26 m/d (NRMSE = 0.007), and worst for a Darcy flux of 20.35 m/d (NRMSE = 0.015); (b) Best HFM results at a 

Darcy flux of 10.11 m/d (NRMSE = 0.002), and worst for Darcy flux of 30.23 m/d (NRMSE = 0.016). 
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When fitting the CPS model using Eq. (9), which describes temperature changes in a no-flow scenario dominated by thermal 

diffusion, the highest NRMSE observed was 0.080. The derived bulk thermal conductivity (𝜆) was 1.96 ± 0.12 W/m/K, and th315 

e bulk volumetric heat capacity (𝜌𝑐) was estimated to be 2.71 ± 0.150 MJ/m³/K. These thermal properties are within the expe

cted range for saturated sand reported by Stauffer et al. (2013). Notably, among all sand types, S5 exhibited the highest therm

al conductivity and the lowest volumetric heat capacity. The thermal properties of each sand are summarized in Table 1. Bas

ed on the CPS-estimated thermal properties, the MCPS model was fitted to reproduce temperature propagation under flow sc

enarios (Eq. (7)). Fig. 3b provides the best and worst fitting results of the MCPS model. The NRMSE values consistently rem320 

ained below 0.037, indicating that the selected analytical solution accurately replicated the experimental data. 

Fig. 4 shows the results from the solute and heat tracer experiments, with a particular focus on front velocities and dispersion

 coefficients. In Fig. 4a, the estimated solute front velocities and dispersion coefficients across all experiments ranged from 8

.93 to 63.02 m/d and from 3.07  10−7 to 3.51  10−6 m2/s, respectively. The averaged longitudinal solute dispersivity (𝛼𝐿
𝑠) ac

ross three locations (L15, L20, and L29) was 0.0040 m based on linear regression (𝑅2 = 0.769). Unlike S4 and S5, which did325 

 not exhibit a notable scale effect (Baek et al., 2022; Baek et al., 2024), the solute dispersion coefficients at L29 were higher t

han those at L15 and L20 when the solute front velocity exceeded 50 m/d during solute transport in SM. 

 

 

Figure 4: Estimated dispersion coefficients (Equations 3 and 9) plotted against tracer front velocities for solute (a) and heat tracer 330 
experiments (b) for SM. 
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Conversely, the estimated thermal front velocities and thermal dispersion coefficients, depicted in Fig. 4b, ranged from 4.32 t

o 33.66 m/d and from 5.49  10−7 to 1.57  10−6 m2/s, respectively. These thermal parameters displayed a quadratic relations

hip with the longitudinal thermal dispersivity (𝛼𝐿
𝑡) of 3.69 s. The 𝑅2 value was relatively low as 0.585, possibly due to large s335 

catter in dispersion estimates and the low dispersion coefficient under low flow velocities. In particular, the low dispersion co

efficients were smaller than the thermal diffusion coefficient (𝐷0
𝑡) estimated by the CPS model. Although the CPS model repr

oduced the experimental data with low error, it may misestimate thermal properties by failing to capture pore-scale phenome

na within a continuum-scale approach (Qu et al., 2024). Notably, for other homogeneous sands (S3, S4, and S5), such undere

stimation of 𝐷0
𝑡  was not observed (Baek et al., 2024; Park et al., 2018). 340 

For solute and heat transport in porous media, the Péclet number (Pe) helps place transport processes across different flow ve

locities and porous materials by incorporating tracer diffusivity and particle size, although it does not account for small-scale 

heterogeneity. Fig. 5 presents normalized dispersion coefficients (𝐷𝑛𝑜𝑟𝑚) as a function of Pe for all sands and sensor location

s as well as both solute and heat. Solute dispersion coefficients were largest in the order S5 > SM > S4 at all sensor locations,

 while thermal dispersion coefficients showed inconsistent orders across the monitoring positions. Even with Pe normalizatio345 

n, differences between porous media remained clear. 𝐷𝑛𝑜𝑟𝑚 for solute showed a clear linear trend with Pe, as theoretically ex

pected. On the other hand, that for heat displayed nonlinear increase with different trends for each sand type, consistent with 

Baek et al. (2024). 

 

 350 

Figure 5: Normalized dispersion coefficients against Péclet number for all sand types and solute transport measured at sensor (a) 

L15, (b) L20, (c) L29, and for heat transport measured at sensor (d) L15, (e) L20, (f) L25, (g) L29. Data for S3 and S5 are from Park 

(2019). 
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3.2 Examination of bias in tracer-based Darcy fluxes 

In this section, we examine the uncertainty in Darcy flux estimates derived from solute transport (𝑞𝑠) by comparing them with 355 

independently measured Darcy fluxes based on volumetric flow-rate measurements (𝑞𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑). Fig. 6a shows that the 𝑞𝑠 

estimates exhibited both over- and under-estimation, but predominantly the latter. The degree of underestimation varied by 

sand type with larger negative bias in S5 and SM than in S4. In addition, 𝑞𝑠 depended on the monitoring location even under 

the same flow condition, indicating that spatial variability in transport behavior contributed to the variability of 𝑞𝑠 . 

Interestingly, the magnitude of this spatial variability followed the same trend as the magnitude of the bias (Fig. 6a). 360 

Unlike Darcy fluxes derived from solute data (𝑞𝑠), estimating Darcy fluxes derived from heat data (𝑞𝑡) additionally entails 

heat exchange between solid and fluid phases and thermal conduction through the solid matrix. As shown in Fig. 6b, all 𝑞𝑡 

estimates were lower than 𝑞𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑  for all experiments. The underestimation was again most pronounced in S5 and SM, 

consistent with the findings from the solute tracer tests. This suggests that the movement of the heat plume center in pore space 

can also be delayed by small-scale heterogeneity, just like for solute transport. A key difference, however, is that the 365 

underestimation of 𝑞𝑡 relative to the measured Darcy flux was nonlinear, whereas the behavior of 𝑞𝑠 was closer to linear with 

flow. The implications of these different bias patterns and their controlling mechanisms are discussed further in Sects. 4.1 and 

4.2. 

 

 370 
Figure 6. Darcy flux estimates from solute (a) and heat (b) transport experiments compared with the corrected Darcy flux 

measurements for all sands at all locations. Horizontal error bar represents the possible velocity range based on the equation (18). 
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3.3 Quantitative metrics of microstructural complexity from CT images 

CT image analysis reveals clear differences in grain and pore structures between the homogeneous sand (S4) and the sand 375 

mixture (SM). Fig. 7a shows that the CT-based grain size distribution of SM was more skewed as 0.699 compared to that of 

S4 (0.576), similar to the results of sieve-based grain size analysis. Although the mean grain sizes derived from CT were 

comparable for S4 and SM (0.52 mm and 0.53 mm, respectively), both were smaller than the sieve-based means (0.76 mm and 

0.84 mm, respectively). This mismatch may reflect (i) segmentation-related underestimation, (ii) sieve-related overestimation 

caused by irregular particle shapes, or (iii) a combination of both. The CT-based uniformity values (S4: 1.91; SM: 2.23) were 380 

higher than the sieve-based values (S4: 1.50; SM: 2.06), but the ordering (SM > S4) was preserved. The pore size distribution 

also shows a similar contrast (Fig. 7b). SM exhibits a skewed pore size distribution with the skewness of 0.781 and a smaller 

mean pore size (0.22 mm) than S4 (0.27 mm) with a slightly larger coefficient of variance (see Table 4). These features indicate 

a more heterogeneous pore network in SM, which is consistent with the stronger microstructural heterogeneity inferred from 

its grain size distribution. 385 
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Figure 7. CT-based frequency distributions of the grain size (a), pore size (b), and porosity with respect to the representative 

elementary volume (REV) for S4 (c) and SM (d). Quantification of pore-structure complexity by variogram analysis results 

depending on subdomain volume and the direction of planes for S4 and SM. The results of Matérn model application: the smoothness 390 
parameter (e) and the sill (f). 

 

Table 4. Statistical metrics of grain and pore size distributions obtained from CT image analysis. 

Sample Subject Skewness Kurtosis Mean (mm) CV* (-) 

S4 Grain size 0.576 5.020 0.52 0.350 

Pore size 0.382 3.043 0.27 0.424 

SM Grain size 0.699 2.633 0.61 0.498 

Pore size 0.781 3.916 0.23 0.458 

*CV: Coefficient of Variance (=standard deviation/mean) 
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We then estimated the representative elementary volume (REV) by computing porosity over 1,000 random sub-volumes while 395 

progressively increasing the sampled volume (Figs. 7c and 7d). For S4, the coefficient of variances of porosity were falling 

and remained below 10% beyond a length scale of ~1.8 mm (~180 voxel), indicating a well-defined REV. For SM, porosity 

exhibited a short plateau at 2.4–4.1 mm (~240–410 voxel), followed by a slow drift with increasing volume, suggesting that a 

larger volume is required to obtain stable bulk properties. The REV porosities were 0.42 for S4 and 0.37 for SM, slightly 

higher than laboratory measurements (0.37 and 0.32) but consistent in relative magnitude (S4 > SM). Overall, the agreement 400 

in trends between CT-based metrics and laboratory measurements supports the use of CT image analysis to quantify pore 

structures in these sands. 

After the basic interpretation of CT images, the metrics representing the pore network complexity were calculated and their 

applicability for S4 and SM was assessed. Three-dimensional Euler numbers of S4 and SM were -6288 and -9210, respectively. 

Noted that the more negative Euler number means the higher degree of pore connectedness (Roque et al., 2009; Pires et al., 405 

2020; Smet et al., 2023), indicating that SM is expected to have more complicated pore structures than S4 which is consistent 

with grain and pore size distributions, and REV analysis of porosity based on CT images. Figs. 7e and 7f show the variation 

of parameters with error bars indicating the spatial variation between selected planes within the domain. In particular, the 

variation of 𝜈 and sill exhibited a dependency on the subdomain volume (i.e., the size of sampled 2D plane) due to the 

increasing influence of local heterogeneity. Notably, the difference among XY, XZ, and YZ planes were not pronounced, 410 

supporting the validity of the isotropy assumption and suggesting that 2D variogram analysis could be representative of 3D 

pore structures (Davis et al., 2011). Unlike 𝜈, the sill, the total variance of semi-variogram, was larger in SM under the 

subdomain of 100 voxels. However, after 200 voxels, both sill values and difference between S4 and SM were decreased. This 

means that SM was more heterogeneous than S4 in 100-voxel scale, but those small heterogeneities were averaged when 

subdomain was larger than 200 voxels. While direct metrics from CT images suggest that SM had a more complex pore 415 

network, the Matérn model parameter 𝜈, an indirect indicator of pore roughness suggested by Di Palma et al. (2017), did not 

differ significantly between the two sands. 

 

3.4: Synthesis of microstructural metrics and tracer bias 

To test whether the microstructural contrasts revealed by CT imaging account for the divergent tracer behaviors reported in 420 

Sects. 3.1–3.2, we compared the two scanned endmembers—S4 and SM—under the constraint that their mean grain sizes are 

nearly identical (d₅₀ = 0.76 mm vs. 0.84 mm) while their grain-size uniformity differs markedly (U = 1.50 vs. 2.06). This 

pairing isolates pore-network complexity from grain-size effects. 

For solute transport, the CT-derived pore-size distribution of SM is more right-skewed (0.781) and more variable (CV = 0.458) 

than that of S4 (skewness = 0.382, CV = 0.424; Table 4). These structural differences parallel the observed breakthrough-425 

curve statistics: EC time series for SM are more right-skewed than those for S4 (Fig. A2), and the degree of right-skewness in 

the BTCs increases systematically from S4 → S5 → SM (Figs. 8c, and d). The sands with stronger breakthrough skewness 
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(S5 and SM) also exhibit the largest linear underestimation of 𝑞ˢ (Fig. 6a), reaching ~25% in SM versus <10% in S4. This 

directional consistency suggests that a wider, skewed pore-size spectrum creates preferential flow pathways and stagnant pore 

zones that delay the solute front, producing the systematic negative bias captured by the Darcy-scale model. 430 

For heat transport, the contrast is sharper. SM possesses a more negative Euler number (−9,210) than S4 (−6,288), indicating 

a higher degree of pore connectedness and more complex pore structure (Sect. 3.3), and its porosity fails to stabilize beyond 

the pseudo-REV plateau at 2.4–4.1 mm (Fig. 7d). These structural features coincide with two macroscopic heat-transport 

symptoms that are absent in S4. First, SM exhibits anomalous thermal dispersion: its fitted thermal dispersion coefficients fall 

below the no-flow thermal diffusion coefficient estimated by the CPS model (Fig. 4b), a phenomenon not observed in the 435 

homogeneous sands (S3, S4, S5). Second, SM produces a nonlinear, velocity-dependent underestimation of qᵗ that reaches 

~45% (even after accounting for 19% spatial variability in volumetric heat capacity, Table 1) at the highest tested velocity, 

whereas S4 remains within 10–20% (Fig. 6b). The divergence between solute- and heat-derived flux estimates, quantified by 

the ratio 𝑞ˢ/𝑞ᵗ =  𝑅𝑒𝑓𝑓  /𝑅𝑎𝑝𝑝 (Eq. (15)), increases with flow velocity for SM but remains near unity for S4 (Fig. 9m–o). This 

pattern is consistent with the hypothesis that SM’s tortuous, highly connected microstructure disrupts solid-phase conduction 440 

and reduces effective interphase heat transfer, amplifying local thermal non-equilibrium under fast flow. 

Collectively, the controlled S4–SM comparison indicates that the CT-derived metrics—pore-size skewness, Euler number, and 

REV instability—directionally predict the magnitude and the tracer-specific signature of Darcy-flux bias. Where S4’s 

relatively homogeneous, well-connected pore network yields similar solute and heat flux estimates, SM’s complex 

microstructure generates the linear solute retardation and the nonlinear heat retardation that together define the outlier behavior 445 

of the sand mixture in the four-sand transport trend. 
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Figure 8. Comparison of solute- (a) and heat-based (b) Darcy flux estimates to measured Darcy flux and statistical characteristics of 

EC (c,d,g,h) or temperature time-series (e,f,i,j) for different sand types (S4: yellow. S5: green, and SM: navy). Panels (c,g) show the 

dependence of skewness and kurtosis for EC data on flow velocity and (d,h) their relationships with solute-based Darcy flux 450 
underestimation, while panels (e,f,i,j) present the corresponding results for temperature data (heat tracer). The red solid line 

indicates perfect Gaussian. Symbols in panels (c–j) represent the mean values for each flow velocity, based on all monitoring points 

and replicate experiments, and error bars denote one standard deviation. 
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 455 

 

Figure 9. Darcy flux estimates from solute (a–f) and heat (g–l) compares with the corrected Darcy flux measurements for all sands 

at L15 (a and g), at L20 (b and h), at L29 (c and i), at interval of L15 and L20 (d and j), at interval of L20 and L29 (e and k), at 

interval of L15 and L29 (f and l). The ratio between Darcy flux estimates from solute (qs) and heat (qt) was only calculated for the 

same representative intervals of L15–L20 (m), L20–L29 (n), L15–L29 (o). Noted that qs/qt is identical to Reff/Rapp as described in 460 
equation (14). Error bars in (m–o) indicate the variation across replicated experiments conducted under similar flow velocities. 
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4 Discussion 

4.1 Divergent tracer-specific bias regimes 

The central finding of this study is that identical microstructures produce fundamentally different, physics-dependent 

systematic biases in Darcy-flux estimation depending on tracer type. For solute transport, the underestimation of 𝑞ˢ scaled 465 

approximately linearly with 𝑞𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑  across the tested velocity range (R² > 0.95; Fig. 6a), with the degree of bias varying by 

sand type: on average, 𝑞ˢ was underestimated by ~25% in S5 and SM, whereas the underestimation remained below 10% in 

S4. For heat transport, all qᵗ estimates were lower than 𝑞𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 , but the pattern was markedly nonlinear (Fig. 6b). In the 

most heterogeneous medium (SM), heat-based Darcy fluxes were underestimated by up to 45% (including 19% uncertainty 

from spatial variability in volumetric heat capacity; Table 1) at the highest tested velocity (~32 m/d), whereas S4 remained 470 

within 10–20% underestimation even at comparable flow rates.  

The divergence is captured quantitatively by the effective-to-apparent retardation ratio (𝑞ˢ/𝑞ᵗ =  𝑅𝑒𝑓𝑓  /𝑅𝑎𝑝𝑝; Eq. (15)). For 

S4, this ratio remained near unity across all flow velocities and monitoring intervals (Fig. 9m–o), indicating that solute and 

heat tracers yielded effectively equivalent flux estimates in the relatively homogeneous sand. For SM, however, the ratio 

increased systematically with flow velocity, reaching values substantially greater than 1.0 at the highest velocities (Fig. 9m–475 

o). This velocity-dependent decoupling demonstrates that the two tracers are not interchangeable proxies for groundwater flow 

in heterogeneous media; rather, they sample different ensemble averages of the same pore-scale velocity field, filtered through 

distinct physics (advection–dispersion for solute versus advection–conduction–interphase exchange for heat). 

An important caveat is that the measured Darcy flux may carry systematic uncertainty due to preferential flow along the tank 

walls or outlet discharge measurement error. If such effects are present, they would inflate the apparent tracer bias. However, 480 

three lines of evidence suggest that the observed patterns are not dominated by experimental artifact. First, S4 - the most 

homogeneous sand with a stable REV and near-Gaussian pore-size distribution - exhibits a baseline bias of ~10 % for solute 

and ~10–20 % for heat, with 𝑞ˢ/𝑞ᵗ ≈ 1  across all velocities (Fig. 9m–o). This baseline likely represents the upper bound of 

systematic experimental error in our setup. Second, the more heterogeneous sands (S5 and SM) show substantially larger bias 

(~25 % for solute, up to ~45 % for heat), and the divergence between solute and heat increases with velocity for SM. A uniform 485 

wall effect or measurement error would not produce this tracer-specific, sand-dependent divergence. Third, the bias scales 

linearly with 𝑞𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 for each sand (R2 > 0.95), consistent with a constant structural retardation factor rather than random 

noise. We therefore interpret the excess bias beyond the S4 baseline as the true signature of microstructural heterogeneity, 

while acknowledging that the absolute bias magnitudes may be modestly inflated by unavoidable experimental uncertainty. 

These findings align with the comparative assessment of Irvine et al. (2015), who noted that heat and solute tracers perform 490 

differently in heterogeneous aquifers. However, our controlled experiments extend that observation by isolating the mechanism: 

the divergence is not merely a product of macroscopic hydraulic conductivity contrasts, but arises from microstructural 

complexity that is invisible to standard grain-size statistics. The S4 versus SM endmember pair—matched in mean grain size 

(d₅₀ ≈ 0.76–0.84 mm) but divergent in pore-network complexity (Euler number, pore-size skewness, and REV stability; Table 
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4, Fig. 7)—provides the structural explanation for why SM breaks the homogeneous-sand trend established by S3, S4, and S5. 495 

Where S4’s relatively uniform, Gaussian-like pore-size distribution and stable REV yield tracer estimates that converge, SM’s 

skewed, heterogeneous microstructure generates the linear solute retardation and the nonlinear heat retardation that together 

define its outlier behavior. 

 

4.2 Microstructural controls on solute transport: from pore-size skewness to non-Gaussian breakthrough 500 

The CT-derived pore-size distributions reveal a clear structural basis for the observed solute transport bias. SM exhibits a more 

right-skewed pore-size distribution (skewness = 0.781) and a larger coefficient of variation (CV = 0.458) than S4 (skewness = 

0.382, CV = 0.424; Table 4), despite their comparable mean grain sizes. This wider, asymmetric pore-size spectrum creates a 

broad distribution of pore-scale velocities: larger pore throats act as preferential channels where solute advances rapidly, while 

smaller pores and dead-end regions retard transport through slow advection and diffusion. The net effect is a partitioning of 505 

the solute plume across disparate velocity classes, which manifests macroscopically as right-skewed, non-Gaussian 

breakthrough curves (Figs. 8c, 8d and A2). 

This structural–transport linkage is supported by the systematic trend across all four sands. EC breakthrough curves became 

increasingly right-skewed from S4 to S5 and SM, and the sands with stronger breakthrough skewness (S5 and SM) also 

exhibited the largest negative bias in 𝑞ˢ (Fig. 6a). Importantly, both skewness and kurtosis varied primarily across sand types 510 

and showed little dependence on flow velocity (Figs. 8c and 8g), indicating that the bias originates from static structural 

controls rather than from changes in the imposed flow conditions. Over the tested range of flow velocities, qˢ scaled 

approximately linearly with 𝑞𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑  (R² > 0.95; Fig. 6a), implying that the ratio 𝛤𝑠  (= 𝑞𝑠/𝑞𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑;  Eq. (20))remained 

nearly constant for each sand. On average, 𝑞ˢ was underestimated by ~25% in S5 and SM, whereas the underestimation 

remained below 10% in S4. 515 

Non-Gaussian breakthrough behavior can arise from pore-scale complexity through heterogeneous permeability and pre-

asymptotic dispersion, including chaotic advection within pore spaces (Dentz et al., 2023). Field studies have similarly shown 

that subsurface heterogeneity delays the migration of the solute plume center of mass through irregular plume geometry and 

pronounced tailing, ultimately leading to underestimation of 𝑞ˢ when inferred from front velocity or breakthrough timing 

(Freyberg, 1986; Gelhar et al., 1992; Zech et al., 2021). Numerical results by Di Palma et al. (2017) likewise demonstrated a 520 

systematic decrease of solute front velocity with increasing pore-network complexity. In our CT analysis, SM is expected to 

have a more complex pore network relative to S4 (Fig. 7) with a more negative Euler number (−9,210 versus −6,288), and 𝑞ˢ 

estimates for SM indeed illustrated greater underestimation. This finding reinforces the hypothesis that microstructural 

heterogeneity intensifies small-scale velocity variations and delays the effective transport front, thereby leading to the buildup 

of systematic errors in Darcy-scale flux estimates. 525 
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At the same time, such inference requires caution when relying only on time-series data from a single monitoring point (Sole-

Mari et al., 2021). Within these limitations, our results indicate that even subtle, sand-dependent departures from Gaussian 

breakthrough behavior—quantifiable through the skewness of the pore-size distribution itself—can introduce a systematic 

negative bias in solute-derived Darcy flux estimates under Darcy-flow conditions. Recognizing and diagnosing such non-530 

Gaussian features, and linking them directly to CT-derived metrics of pore-network shape, should therefore be treated as a 

necessary step when interpreting tracer tests in natural porous media. 

 

4.3 Microstructural controls on heat transport: LTNE amplified by pore-network connectivity 

Although solute and heat tracers were tested under identical flow conditions, the resulting Darcy flux estimates behaved 535 

differently. Solute-derived Darcy fluxes (𝑞ˢ) showed a largely systematic underestimation associated with deviations from 

Gaussianity in EC breakthrough curves, whereas heat-derived fluxes (𝑞𝑡) exhibited stronger nonlinearity and less consistent 

links to the temperature time-series statistics (Fig. 8). For EC, skewness and kurtosis separated clearly by sand type, but for 

temperature the corresponding statistics overlapped substantially across sands. The location of maximum skewness also 

differed between tracers: temperature skewness peaked at the closest monitoring point (L15), whereas EC skewness for solute 540 

transport was largest at the farthest sensor (L29) for all sands (Fig. A2). Consistently, 𝛤𝑡 (=𝑞𝑡/𝑞𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 ; Eq. (20)) varied 

nonlinearly with flow velocity for SM and S5 (but not for S4), and temperature skewness and kurtosis exhibited an abrupt 

change around 25–30 m/d (Figs. 8b, 8e and 8i). Moreover, the magnitude of 𝑞𝑡 underestimation was not simply explained by 

skewness; for example, S4 reached skewness values near 1 while 𝑞𝑡 remained within 10–20% underestimation, whereas SM 

showed the largest underestimation, approaching 45% at the highest tested velocity (~32 m/d). Even with spatial variability of 545 

volumetric heat capacity represented by a standard deviation (19%, see Table 1), the maximum underestimation of heat-based 

Darcy flux is more noticeable than solute-based under the highest flow velocity condition. 

The strongest 𝑞𝑡  underestimation occurred between L8 and L15 across all sands, and in many cases exceeded the 

underestimation observed for 𝑞𝑠 . A potential explanation for this localized behavior is buoyancy-induced flow, but our 

conditions suggest this is unlikely. The maximum temperature difference between L8 and L15 was 5–23 K, well below the 550 

estimated threshold for the onset of pure natural convection (∆T ≈ 47 K for Rayleigh number >27), calculated following 

Raffensperger and Vlassopoulos (1999) and de Marsily (1986). In addition, the underestimation increased with flow velocity, 

whereas buoyant effects would be expected to diminish under stronger forced flow. The fact that 𝑞𝑡 approached 𝑞𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 at 

low velocities provides additional support that buoyancy is not the dominant control. 

A more plausible mechanism is that heat transport is affected by additional micro-scale processes absent in solute transport, 555 

including conduction through the solid matrix and incomplete thermal equilibration between solid and fluid phases (also known 

as LTNE). When solid conduction and/or interphase heat transfer are not sufficiently fast relative to advection, the apparent 

thermal front can become delayed and more diffuse, which biases 𝑞𝑡 inferred from front migration (Qu et al., 2024). The CT-

derived microstructure of SM provides the geometric basis for this delay. SM possesses a more negative Euler number (−9,210) 
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than S4 (−6,288), indicating a higher degree of pore connectedness and more complex pore structure (Sect. 3.3), and its porosity 560 

fails to stabilize beyond the pseudo-REV plateau at 2.4–4.1 mm (Fig. 7d). These structural features imply a tortuous, highly 

connected pore network that disrupts effective local solid-conduction pathways and enhances spatial variability in thermal 

exchange, analogous to the role of heterogeneity in solute transport (Ghanbarian and Daigle, 2016; Yang and Nakayama, 2010). 

Because L8 marks the resistor location, the L8–L15 segment experiences the strongest and most rapidly evolving temperature 

gradients, making it especially sensitive to LTNE and microstructural controls. Accordingly, SM exhibited substantially 565 

stronger qᵗ underestimation in the L8–L15 segment than S4 (Fig. 9g). 

Roshan et al. (2014) similarly emphasized that LTNE can bias heat-based Darcy flux estimates at low velocities, as the 

thickening of the thermal boundary layer impedes efficient heat transfer between the solid matrix and the adjacent fluid. 

Conversely, Gossler et al. (2020) argued that advective thermal velocities remain unaffected, and Gebhardt et al. (2025) agreed 

with this finding only under homogeneous conditions. Under heterogeneous hydraulic conductivity, however, the effective 570 

retardation factor defined as Eq. (16), deviated from theoretical apparent retardation factor (Eq. (17))—referred to as field-

scale LTNE in Gebhardt et al. (2025). Interestingly, our results also aligned with their macro-scale findings: S4 (more 

homogeneous) produced similar 𝑞𝑠  and 𝑞𝑡  estimates, whereas SM (more heterogeneous) showed increasing divergence 

between solute- and heat-based flux estimates as flow velocity increased (Figs. 9m–9o). This divergence is also consistent 

with CT-derived microstructural indicators such as three-dimensional Euler number. 575 

Overall, the influence of microstructural heterogeneity on heat-based Darcy flux estimation is flow-velocity dependent, and 

the changing balance among advection, dispersion, and conduction with increasing velocity can produce nonlinear 𝑞𝑡 behavior. 

These findings emphasize that micro-scale processes (e.g., LTNE and differential conduction) can be a dominant source of 

bias in heat-tracer interpretation, particularly under relatively fast groundwater flow. 

 580 

4.4 Implications for upscaling metrics and tracer selection 

The findings of this study demonstrate that microstructural heterogeneity arising from different grain texture or pore structure 

can significantly influence Darcy-scale interpretations for both solute and heat transport, leading to errors in Darcy flux 

estimation. In particular, our results agreed with Irvine et al. (2015) that in regions with relatively low groundwater velocities, 

heat tracers—being less sensitive to small-scale structural variations—may serve as a more suitable proxy than solute tracers 585 

for estimating the average Darcy flux. However, the onset of LTNE under higher flow conditions can be exacerbated by pore-

scale complexity and may cause systematic underestimation of 𝑞𝑡. LTNE not only affects the migration of the thermal plume 

center but may also distort the estimation of thermal properties, further complicating thermal flux interpretation. Unfortunately, 

the potential for misestimating thermal properties due to LTNE remains poorly understood, particularly its dependence on 

flow velocity, from an experimental perspective. Given the lack of prior studies, further investigation is needed to explore how 590 

LTNE interferes with Darcy-scale heat transport behaviors as a function of micro-scale properties such as pore roughness and 

connectedness. 
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Our findings underscore that conventional parameter-inverse approaches may mischaracterize both flux and conductivity in 

natural settings. The occurrence of LTNE further complicates the interpretation of thermal transport, highlighting the nonlinear 

and scale-dependent role of pore structural complexity. However, existing metrics representing pore roughness to bridge 595 

micro-scale pore structure and Darcy-scale transport cannot fully explain our experimental results. Although S4 and SM had 

similar ν values (Fig. 7e), their grain and pore size distributions were markedly distinct (Figs. 7a and 7b). The sill was 

meaningfully larger in SM only under 100-voxel scale, indicating the importance of assigning REV to derive the pore-

representative metric. Darcy-scale transport analyses further highlighted the distinctive behavior between S4 and SM for both 

solute and heat tracers. Without an adequate metric, the influence of local geometric variability within the pore space will 600 

likely continue to be overlooked or attributed to model uncertainty in Darcy-scale interpretations. 

To feasibly incorporate complex micro-scale structures into simple Darcy-scale modeling frameworks, a better metric that 

robustly quantifies pore network complexity is urgently needed. Such a metric should link microstructural characteristics—

such as pore-size distribution skewness, Euler number, and REV stability—with measurable deviations in macroscopic 

transport behavior, including non-Gaussian breakthrough and tracer-specific flux bias. Introducing such a metric would not 605 

only enhance the predictive accuracy of flow and heat transport models, but also offer a practical tool for identifying regimes 

in which pore-scale effects are non-negligible. These findings further emphasize the importance of developing multi-scale 

modeling frameworks that explicitly integrate pore-scale heterogeneity into continuum-scale analyses. Such integration will 

improve the reliability of solute and heat-based tracing in heterogeneous aquifers and guide the design of future experiments 

aimed at quantifying LTNE effects under realistic flow conditions. For more effective multi-scale interpretations, future work 610 

should integrate refined upscaling techniques with advanced quantitative metrics that robustly link matrix microstructure to 

macro-scale properties. Such approaches would improve the accuracy and reliability of continuum-scale transport models, 

especially in naturally heterogeneous systems, and support better-informed hydrogeological decision-making in both research 

and applied contexts. 

 615 

5 Conclusion 

We conducted a series of heat and solute tracer experiments using four different sands that span distinct grain- and pore-size 

distributions to investigate how microstructural heterogeneity influences the estimation of transport parameters at the Darcy 

scale. Pore and grain structures for two sands were captured via micro-CT and analyzed using topological and geostatistical 

methods. Tracer injection was monitored at four monitoring points with 5-cm interval, and observed time series of EC and 620 

temperature closely matched analytical solutions (mean R² > 0.99 and NRMSE < 0.037), confirming that the adopted Darcy-

scale modeling approach is internally consistent. However, the high quality of model fits masked a systematic, tracer-specific 

divergence in flux estimation that is invisible to standard goodness-of-fit criteria. 

https://doi.org/10.5194/egusphere-2026-3736
Preprint. Discussion started: 7 August 2026
c© Author(s) 2026. CC BY 4.0 License.



 

30 

 

The central finding is that identical microstructures produce fundamentally different bias regimes depending on tracer physics. 

For solute transport, Darcy fluxes were linearly underestimated by ~25% in the more heterogeneous sands (S5 and SM) and 625 

by <10% in the relatively homogeneous S4. This linear bias was directionally linked to the skewness of the pore-size 

distribution: SM’s more right-skewed, higher-CV pore network (skewness = 0.781, CV = 0.458 versus S4’s 0.382 and 0.424) 

generated non-Gaussian, right-skewed breakthrough curves that reflect preferential flow partitioning and stagnant-zone 

retention, systematically delaying the inferred solute front. For heat transport, the underestimation was nonlinear and velocity-

dependent, reaching up to 45% (including 19% uncertainty from spatial variability in thermal properties) in SM at the highest 630 

tested velocity (~32 m/d), whereas S4 remained within 10–20%. This nonlinear retardation was consistent with local thermal 

non-equilibrium (LTNE) amplified by SM’s more complex pore structure, as evidenced by its more negative Euler number 

(−9,210 versus −6,288 for S4) and its failure to reach a stable representative elementary volume within the tested CT volume. 

The resulting divergence between solute- and heat-derived flux estimates (𝑞ˢ/𝑞ᵗ =  𝑅𝑒𝑓𝑓  /𝑅𝑎𝑝𝑝; Eq. (15)) increased with flow 

velocity for SM but remained near unity for S4, demonstrating that the two tracers sample different ensemble averages of the 635 

same pore-scale velocity field. 

These results carry practical implications for tracer-based hydrogeological characterization. Heat tracers may serve as a more 

suitable proxy than solute tracers for estimating average Darcy flux under relatively low groundwater velocities in 

homogeneous media, where LTNE is negligible. However, they become less reliable under high-velocity conditions in 

heterogeneous media, where pore-network complexity exacerbates LTNE and causes systematic underestimation. Recognizing 640 

non-Gaussian breakthrough behavior - quantifiable through skewness and kurtosis of tracer time series - as a macroscopic 

fingerprint of sub-REV structural complexity should become a standard diagnostic step before interpreting flux estimates. 

Methodologically, this study demonstrates that conventional descriptors such as mean grain size and uniformity coefficient, 

as well as standard geostatistical metrics such as the Matérn smoothness parameter, are insufficient to predict the observed 

transport divergence. The controlled S4–SM endmember pair, matched in mean grain size but divergent in pore-network 645 

complexity, reveals that process-aware metrics drawn from high-resolution micro-CT—including pore-size distribution 

skewness, Euler number, and REV stability—are needed to bridge pore-scale structure to Darcy-scale transport behavior. 

Future work should integrate these refined quantitative metrics into multi-scale modeling frameworks that explicitly account 

for how microstructural heterogeneity activates distinct physical processes (non-Gaussian mechanical dispersion versus LTNE) 

for different tracers. Such integration will improve the reliability of solute- and heat-based tracing in naturally heterogeneous 650 

aquifers and guide the design of experiments aimed at quantifying LTNE effects under realistic flow conditions.  
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Appendix A 

 

Figure A1. Schematic diagram visualizing the microstructural complexity examination process applied to sand samples used in the 

current study. 655 

 

Figure A2. Statistical evaluation of obtained fluid EC (a) and temperature (b) time series depending on different sand types (S4, S5, 

and SM) via skewness (x-axis) and kurtosis (y-axis). Joint distribution of skewness and kurtosis illustrating the normality of each 

experiment across the monitoring locations (L15, L20, and L29). Error bars indicate the standard deviations across all velocities 

and repeated experiments. The shaded box highlights the Quasi-Gaussian regime (Mesokurtic and slightly skewed) and the Para-660 
Gaussian (Moderately kurtic and skewed), while the star symbol indicates the ideal Gaussian condition (Skewness = 0, and Kurtosis 

= 3). Color and symbol legends represent the sand types and monitoring locations.  
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