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a b s t r a c t

Partitioning inter-well tracer test (PITT) is a direct method for quantifying remaining oil saturation (Sor), 
but conventional interpretation workflows can lead to significant overestimation if neglecting reservoir 
heterogeneity and mobile oil. This research introduces an advanced numerical workflow that overcomes 
these limitations by integrating the ensemble smoother with multiple data assimilation (ESMDA) with 
the UTCHEM reservoir simulator. UTCHEM is used to simulate production rate and tracer profile of each 
geological realization and ESMDA iteratively refines spatial distributions of both permeability (k) and Sor 

by jointly assimilating production and tracer data simultaneously. The workflow  was successfully 
validated on synthetic reservoir models featuring high-permeability channels and spatially variable Sor. 
To demonstrate its superiority, the results were compared against both a traditional analytical solution 
and an assimilation case that excluded tracer data. Furthermore, a permeability-weighted Sor is pro
posed to better identify and prioritize oil recovery targets within the reservoir. The results demonstrate 
that coupling production and tracer data significantly cterization, reducing the estimation error by 86% 
compared to traditional analytical solutions. Our method yielded 3% error in Sor estimation compared to 
22%–27% error by the traditional analytical methods. It accurately reconstructs the high-resolution 
spatial distribution of both k and Sor, provides an ensemble of solutions for uncertainty quantifica
tion, and is robust against data noise. This ensemble-based workflow offers a powerful technique for 
improving inter-well characterization, essential for both enhanced oil recovery and the assessment of 
non-aqueous phase liquid (NAPL) contamination.
© 2026 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This 
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc- 

nd/4.0/).

1. Introduction

Partitioning inter-well tracer test (PITT) is a hydrological tool 
for aquifer and reservoir characterization. Initially developed for 
enhanced oil recovery (EOR) operations, PITTs were designed to 
measure the remaining oil saturation (Sor), which helps to evaluate 
the feasibility prior to the implementation (Huseby et al., 2015). 
PITTs also provide critical insights into swept volumes and domi
nant flow paths (Pu et al., 2016), which are all essential parameters 
for developing effective reservoir management. Subsequently, 
PITTs expanded to wider applications such as subsurface 

nonaqueous phase liquids detection (Hartog et al., 2010), fracture 
diagnosis (Zhang et al., 2023), and geothermal (Hirtz et al., 2001).

The schematic of PITT is shown in Fig. 1. PITT involves simul
taneous injection of both partitioning and non-partitioning tracers 
in injection wells, transport through a subsurface formation, and 
production of these tracers in the production wells (Tang and 
Harker, 1991). During the flow, non-partitioning tracers remain 
within the mobile water phase, whereas partitioning tracers 
exhibit an affinity  for the nonaqueous phase, causing them to 
distribute between the mobile water phase and the immobile re
sidual oil phase. The differential partitioning leads to the chro
matographic separation and retardation of partitioning tracers 
during production stage (Suva et al., 2003).

PITTs offer distinct advantages compared to alternative char
acterization methods, such as single-well tests or core analyses. 
Most notably, PITTs provide measurements integrated over a 
significantly  larger reservoir volume (>100 ft), yielding more 
representative assessments of inter-well subsurface conditions 

* Corresponding author.
E-mail address: mohanty@mail.utexas.edu (K. Mohanty).
Peer review under the responsibility of China University of Petroleum 

(Beijing).

Contents lists available at ScienceDirect

Petroleum Science

journal  homepage:  www.keaipubl ishing.com/en/ journals /petroleum-science

https://doi.org/10.1016/j.petsci.2026.03.019
1995-8226/© 2026 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

Petroleum Science 23 (2026) 4914–4926

http://creativecommons.org/licenses/by%2Dnc%2Dnd/4.0/
http://creativecommons.org/licenses/by%2Dnc%2Dnd/4.0/
http://creativecommons.org/licenses/by%2Dnc%2Dnd/4.0/
mailto:mohanty@mail.utexas.edu
http://crossmark.crossref.org/dialog/?doi=10.1016/j.petsci.2026.03.019&domain=pdf
www.sciencedirect.com/science/journal/19958226
www.keaipublishing.com/en/journals/petroleum-science
https://doi.org/10.1016/j.petsci.2026.03.019
http://creativecommons.org/licenses/by%2Dnc%2Dnd/4.0/


(Tayyib et al., 2019). This volumetric averaging intrinsically ac
counts for heterogeneity that might not be fully captured by point- 
scale measurements (Keller et al., 2023). Additionally, PITTs are 
non-destructive and minimally invasive that are compatible with 
all types of EOR (Cubillos et al., 2015). The tests can be conducted 
under prevailing reservoir flow conditions, providing insights into 
actual fluid transport behavior and formation connectivity (Sanni 
et al., 2015).

Various methods exist for interpreting PITT data, ranging from 
qualitative analysis (Aparecida de Melo et al., 2001), analytical 
solutions (Brigham and Smith, 1965; Tang, 2005) to numerical 
simulations (Allison et al., 1991; Illiassov and Datta-Gupta, 2002). 
One of the most commonly used analytical method is based on the 
first  temporal moments of the tracer breakthrough curves (Jin 
et al., 1995). Tang (1995, 2005) also proposed a chromatographic 
transform to interpret the result and incorporate the partitioning 
tracer model in the Brigham's model (Tang, 2005). Velasco-Lozano 
(Velasco-Lozano and Balhoff, 2023) proposed an analytical solu
tion for two phase flow tracer transport. Qualitative and analytical 
solutions are based on simplistic assumptions and are easy to 
apply. However, its accuracy requires ideal conditions.

The numerical method gets oil distribution between wells 
derived by matching the tracer production profiles  using a 3D 
finite  difference simulator such as UTCHEM or by a streamline 
model. Accurately accounting for the influence  of reservoir het
erogeneities is crucial for a good match, but is often challenging 
and neglected (Agca et al., 1990; Allison et al., 1991; Saad et al., 
1989). High-permeability channels or natural fracture networks 
can lead to early tracer breakthrough, while low-permeability 
zones or stagnant areas may cause pronounced tracer tailing and 
delayed production (Dwarakanath et al., 1999). Numerical method 
suffers from the non-uniqueness solutions due to the complex 
flow path in the heterogeneity formation.

Automated history matching techniques can efficiently  sam
ples the solution space and provide high resolution result are 
widely applied in petroleum industry such as Genetic Algorithms, 
Differential Evolution and Particle Swarm Optimization (Liu et al., 
2023; Oliver and Chen, 2011; Zhao et al., 2021, 2025). More 
recently, ensemble-based data assimilation methods, such as EnKF 

have gained significant prominence (Oliver and Chen, 2011). Guo 
et al. (2021) applied the EnKF to assimilate the tracer profile for 
Sor estimation and provide a high resolution Sor distribution. The 
ensemble smoother with multiple data assimilations (ESMDA) is a 
notable advanced ensemble-based technique. ESMDA is an itera
tive ensemble smoother that assimilates the entire historical 
dataset multiple times. Unlike sequential data assimilation 
methods such as the Ensemble Kalman Filter (Gu and Oliver, 
2005), which process data sequentially in time, ES-MDA assimi
lates all historical data simultaneously within each iteration and 
repeats this assimilation process over several iterations with an 
error covariance matrix. This approach has demonstrated advan
tages in achieving a better history match and providing a more 
reliable quantification  of uncertainty compared to some earlier 
ensemble methods (Zhang et al., 2022). ESMDA's capability to 
handle non-linear relationships between model parameters and 
observed data, alongside its capacity to maintain geological con
sistency within the ensemble members, has established it as a 
valuable tool in assisted history matching workflows (Evensen 
et al., 2019).

The applicability of earlier interpretation workflows is 
compromised by their reliance on a simplified,  homogeneous 
reservoir model with a single permeability and Sor value. Critically, 
these methods also mandate that the reservoir be fully flooded to 
its residual oil saturation, a condition that is often economically 
detrimental and delays practical application. The aim of this 
research is to evaluate the formation heterogeneity and Sor by PITT 
with an efficient interpretation workflow. This work introduces a 
novel numerical interpretation workflow  by integrating the 
ESMDA algorithm with the UTCHEM reservoir simulator, as shown 
in Fig. 2. This integration facilitates the iterative updating of 
permeability and Sor by calibrating simulation result with actual 
field measurements. The resulting posterior ensemble of perme
ability and Sor serves as the interpreted reservoir properties. A key 
novelty of this workflow lies in its ability to concurrently calibrate 
both reservoir heterogeneity and oil saturation through the 
assimilation of diverse data sources, including tracer and pro
duction data. Importantly, this workflow  remains accurate even 
when the reservoir has mobile oil (Sor > Sorw), the residual oil 
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Fig. 1. Chromatographic separation of partitioning tracer (red) and the non-partitioning tracer (green) because of the immobile oil phase during partitioning inter-well tracer test 
(Sanni et al., 2018).
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Fig. 2. Interpretation workflow for PITT.
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saturation to water flood). The performance of this new interpre
tation workflow is first evaluated through a synthetic case. Sub
sequently, its performance is compared against traditional history 
matching approaches with only production data, highlighting the 
significance  of partitioning tracers. The workflow  is then 
compared with traditional analytical solutions. The validation 
process also involves assessing the workflow's sensitivity to vari
ations in the data error covariance function.

2. Methodology

2.1. UTCHEM simulator

UTCHEM is a reservoir simulator developed at The University of 
Texas at Austin to simulate injection of chemicals into reservoirs. It 
simulates phase behavior of oil, brine, and chemical mixtures, 
along with convection, diffusion, dispersion, adsorption and re
actions. It is explicitly designed and utilized for simulating tracer 
tests, especially PITT, for reservoir characterization. The core 
capability lies in modeling complex multiphase phase behavior, 
flow, and multicomponent reactive transport. The development of 
the flow equations is based upon several key assumptions.

• Local thermodynamic equilibrium is maintained for all com
ponents except for tracers.

• Both the porous rock formation and the reservoir fluids  are 
considered to be slightly compressible.

• Fluid flow is governed by Darcy's law.
• Fluid mixing is assumed to be ideal within a grid block.
• Fluid mixing within a phase between adjacent grid blocks is 

represented by Fickian diffusion and dispersion.

Some of the key steps of the simulator are described next.

2.1.1. Mass conservation equations
The principle of mass conservation for each component κ is 

expressed in terms of the overall volume of component κ per unit 
pore volume, denoted as V κ . The continuity equation for 
component κ is given by: 

∂(ϕV κ)

∂t
+∇⋅Fκ = qκ (1) 

where Fκ is the total flux (convective + dispersive) of component κ, 
and qκ represents source or sink terms. The overall volume of 
component κ per unit pore volume is defined as the sum over all 
phases j: 

V κ =
∑np

j=1

ρκjVj

ρ0
k

(2) 

In this formulation, the components considered include water, oil, 
surfactant, and other chemicals. Here, np is the number of mobile 
phases, ρκj is the mass concentration of component κ in phase j, Vj 

is the volume of phase j, and ρ0
k is the density of pure component κ 

at standard conditions. ul is the Darcy velocity of phase l, which is 
proportional to the pressure gradient: 

ul = −
krl
μl

K⋅∇Pl (3) 

where krl is the relative permeability of phase l. μl is the viscosity of 
phase l. K is the permeability tensor of the medium. Pl is the 
pressure of phase l. The dispersive flux Fκ;disp, which contributes to 
the total flux Fκ , is assumed to follow a Fickian form: 

Fκ;disp = − ϕK⋅∇V κ (4) 

where ϕ is porosity and K is the dispersion coefficient tensor.

2.1.2. Pressure equation
Derivation of the pressure equation involves aggregating the 

mass balance equations for all components. This aggregate equa
tion is then formulated in terms of phase pressures by substituting 
the phase flux terms using Darcy's law and incorporating capillary 
pressure relationships. Taking the water phase pressure as the 
reference phase pressure, the pressure equation is given by: 

∂

(

ϕ
∑

l
Slρl

)

∂t
= − ∇⋅

(
∑

l

ρlul

)

+
∑

k

Qk (5) 

where ϕ is the porosity. Sl is the saturation of phase l. ρl is the 
density of phase l. t is time, ul is the Darcy velocity of phase l. Qk 
represents the source or sink terms for component k.

2.1.3. Tracer modeling
The simulator incorporates specific  modules and options to 

handle “tracer properties”. These include the key mechanisms of 
partitioning between phases, adsorption onto the rock matrix, 
radioactive decay for isotopic tracers, chemical reactions such as 
ester hydrolysis, and capacitance effects modeling diffusion into 
and out of immobile pore spaces (dead-end pores). For water/oil 
partitioning tracers, the partitioning coefficient,  KT, is a key 
parameter defined as the ratio of tracer concentrations: 

KT =
Co

Cw
(6) 

where Co and Cw are the tracer concentrations in the water and oil 
phases.

2.2. Ensemble smoother with multiple data assimilation

We begin by defining the forward problem, where a numerical 
model takes a vector of input parameters, m, to produce a set of 
simulated data. The true underlying parameters are unknown. Our 
goal is to infer these parameters by conditioning the model on a set 
of noisy observational data, d, as shown in Eq. (1): 

d = g(m*) + ϵ (7) 

Here, ϵ represents the observation error, which is assumed to 
follow a zero-mean Gaussian distribution. Following Bayesian 
theory, we can update our initial understanding of the parameters 
(the prior distribution, p(m)) by incorporating the information 
from the observations. This updated knowledge is captured by the 
posterior distribution, p(m|d), calculated as: 

p(m|d) =
p(d|m)p (m)

p(d)
: (8) 

In this equation, p(d|m) is the likelihood function, which quantifies 
how probable the observed data d are for a given parameter set m. 
The term in the denominator, p(d), is the evidence, which acts as a 
normalization constant.

For complex and high-dimensional models, the posterior dis
tribution p(m|d) is often analytically intractable. We therefore turn 
to Monte Carlo methods to approximate it. This is done by first 
generating an ensemble of Na random parameter samples, M0 =

{mi}
Na
i=1, drawn from the prior distribution. The numerical model g 
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is then run for each sample to compute the corresponding model 

outputs, creating an ensemble of simulated data, D0 = {g(mi)}
Ne
i=1 .

The ESMDA is an iterative method for updating the parameter 
ensemble. In its simplest, single-iteration form (equivalent to the 
standard Ensemble Smoother), each parameter sample mi in the 
initial ensemble is updated using the Kalman formula: 

mu
i = mi + Cm0;D0

(
CD0;D0

+ CD
)− 1

(di − g(mi) ): (9) 

where mu
i is the updated parameter sample. CM0;D0 

is the cross- 
covariance matrix between the prior parameter ensemble and 
the simulated data ensemble. CD0;D0 

is the auto-covariance matrix 
of the simulated data ensemble. di = d + ϵi is the observed data 
perturbed with a random realization of the observation error, ϵi.

The key innovation of ESMDA is to apply this update iteratively 
to better handle highly nonlinear problems. Instead of a single 
update, the assimilation is performed over Na steps. At each iter
ation t, the observation error covariance matrix CD is inflated by a 
coefficient αt : 

mi;t = mi;t− 1 + CMt− 1;Dt− 1

(
CDt− 1;Dt− 1

+ αtCD
)− 1( di − g

(
mi;t− 1

) )

(10) 

The inflation  coefficients  αt are chosen such that they satisfy 

the condition 
∑Na

t=1
1
αt

= 1. This ensures that the total update 
applied over all iterations is consistent with the single update in 
Eq. (10). After iterations, the final  ensemble, is taken as the 
approximation of the posterior parameter distribution p(m|d).

The workflow for applying ESMDA involves the following steps.

1. Initialization: Generate an ensemble of reservoir models (k, 
Sor). Each model in the ensemble represents a possible reali
zation of the reservoir's properties.

2. Run the ensemble forward: Run reservoir simulator, UTCHEM 
for all ensemble members and obtain injector pressure (Pinj), 
water production rate (Qw) and tracer concentrations (Ctracer1; 
Ctracer2).

3. Calculate misfit and covariances: Compare the simulated 
production data from each ensemble member with the actual 
historical production data. Estimate the ensemble sample 

covariance between the model parameters and the simulated 
data and the covariance of the simulated data itself (data 
covariance).

4. Update the ensembles using Eq. (7): In each assimilation step 
m, the historical data is perturbed to calculate the update that is 
applied to each ensemble member. This perturbation, consis
tent with the assumed covariance of the measurement errors, 
allows the ensemble members to explore the parameter space 
more effectively over the steps.

5. Repeat forward runs and assimilation: After updating the 
model parameters in step 4, run the reservoir simulator for
ward again for each updated ensemble member. Repeat steps 3 
and 4 for the specified number of assimilation steps. With each 
assimilation step, the ensemble of models should move closer 
to matching the historical production data.

3. Assimilation results

3.1. Model setup

A two-dimensional synthetic model was created on a 30-by-30 
grid, representing a 300 by 300-foot formation. Within this 
domain, an injector well operating at a constant rate was posi
tioned in the bottom-left corner, while a producer well with 
constant pressure was placed in the top-right corner as shown in 
Fig. 3. The simulation's conditions involved the injector oper
ating at a steady rate of 375 ft3/d and the producer being main
tained at 15 psi, all within a formation that had a constant initial 
pressure of 300 psi. Under such setup, the total production rate at 
the producer is constantly 375 ft3/d as well. The model was 
simulated over a total period of 300 days, with observation data 
being collected every 24 h.

For simplicity in this specific  case, porosity was maintained 
constant at 0.3, although the proposed workflow  is capable of 
handling variable porosity fields. The k and Sor fields for the syn
thetic model were generated using Gaussian Random Fields with 
Cholesky Decomposition, followed by the addition of random 
noise. Permeability values ranged from 0.1 to 1 mD, and Sor values 
were between 0.25 and 0.55. A high-permeability channel was 
intentionally incorporated between the injector and producer 
wells to represent a specific  geological feature targeted for 
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Fig. 3. (a) Permeability k and (b) Sor distributions. The injector and producer are placed at the lower left and upper right corner.
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calibration by the workflow. The initial oil saturation So;i is set to 
be constant 0.7 to allow oil production at the early stage.

During the PITT simulation, two tracers with distinct parti
tioning coefficients were co-injected for 2 days at a unified con
centration of 1. The partition coefficients for tracers 1 and 2 were 
0.4 and 0 respectively.

The simulation result of the case is shown in Fig. 4. The 
observed data exhibits dynamic behavior in a heterogeneous 
reservoir. The injection pressure undergoes a rapid initial decline, 
followed by a brief increase coinciding with water breakthrough. 
Correspondingly, the water production rate follows a multi-stage 
trend: a sharp initial rise, a temporary decrease as high- 
permeability layers water out, and a subsequent increase as the 
flood front advances through secondary layers before stabilizing. 
This complex profile  indicates an effective sweep of mobile oil, 
driving the reservoir to residual oil saturation in a manner 
consistent with field  observations. This interpretation is further 
corroborated by the produced tracer data, which displays clear 
chromatographic separation of the peaks as a direct result of their 
differing partitioning coefficients.

3.2. Initialization

An initial ensemble comprising 100 reservoir models was 
generated using the same method to represent the prior uncer
tainty in the spatial distributions of k and Sor. Each ensemble 

member was constructed using Gaussian Random Fields. The 
statistical parameters of the Gaussian Random Fields, including 
the mean value, correlation angle, and correlation lengths in the x 
and y directions (Lx;Ly), were varied randomly across the ensemble 
to produce diverse geological realizations.

Numerical simulations were performed for each ensemble 
member using the UTCHEM simulator. The resulting prior simu
lation results are shown in Fig. 4. Qw is the water production rate 
as a function of time, the other two plots are the unified concen
trations for tracer 1 and tracer 2 in the production wells. The tracer 
curves exhibited significant  deviations from the observed data. 
This discrepancy is primarily attributed to the presence of a high- 
conductivity channel in the actual reservoir system, which facili
tates preferential flow paths. Consequently, tracer breakthrough in 
the true system occurred earlier compared to the prior ensemble 
simulations, as the scale and k of this channel were not adequately 
represented in the initial realizations. This deliberate initialization 
from a configuration  that poorly matched the observed data 
served as a stringent test of the data assimilation workflow's 
capability to improve model predictions and reduce uncertainty.

3.3. Assimilation result

The history matching was performed using the ESMDA with a 
default setup. Three assimilation steps were used, with a constant 
covariance inflation  factor of 3.0 applied at each step. No 
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additional convergence criteria were implemented. The entire 
workflow was executed on a desktop computer equipped with an 
Intel i9-12900 16-core processor and completed in 307 s with full 
parallelization.

The results of the assimilation process are presented (in blue 
curves) in Fig. 5. As demonstrated, following assimilation, the 
posterior ensemble simulations exhibit a close match with the 
observed data. This is particularly evident for the tracer concen
tration breakthrough curves, where the initial ensembles dis
played a noticeable lag relative to the observed data. After 
assimilation, the posterior ensemble members show strong 
convergence towards the observed tracer concentration profiles.

These assimilation results are achieved by adjusting the spatial 
distributions of k and Sor within the reservoir model ensembles. A 
comparison between the initial (prior) and posterior ensemble 
distributions of k and Sor are illustrated in Fig. 6. Initially, the 
ensemble k fields showed significant deviation from the reference 
case in terms of both overall scale and characteristic features. The 
mean k across all initial ensembles was notably low and lacked any 
discernible spatial trends. Following assimilation, the posterior k 
fields  exhibit a greater representation of the high-conductivity 
channel feature, more closely resembling the true k distribution, 
as indicated by the mean k of the posterior ensembles. It is 

important to note that while the posterior ensembles capture key 
features of the true k distribution, they also preserve some of the 
distinctive characteristics inherent to their initializations. The 
variation among the posterior ensemble members provides a 
valuable perspective on the remaining uncertainty in the k field.

After assimilation, both the k and Sor fields  demonstrate sig
nificant evolution from their initial states. Specifically, the assim
ilation process successfully steered the k fields towards accurately 
capturing the high-conductivity channel present in the reference 
case. Concurrently, the Sor saturation fields  began to exhibit the 
expected clustering distribution in areas influenced by flow. RMSE 
is 0.1363 for permeability field and 0.0541 for Sor field.

The evolution of the ensemble's Sor distribution is further 
illustrated in Fig. 7, which shows the distribution of Sor values 
across the field.  The initial (prior) distribution (represented by 
yellow bars) was distinctly different, characterized by concentra
tions in specific  value ranges and some scattering attributed to 
limitations in the initialization process. However, after the 
assimilation process, the resulting posterior distribution (repre
sented by blue bars) shows a significant shift. The initial distinct 
peaks have diminished, and the distribution now demonstrates a 
gradual alignment with the true field-observed Sor distribution in 
terms of its shape, range, and overall scale.
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3.4. Uncertainty quantification

In a heterogeneous reservoir, a simple arithmetic average of Sor 

can be misleading. Fluid doesn't flow  uniformly through the 
reservoir; it preferentially moves through high-permeability 
layers. Therefore, the Sor in these high-flow  areas has a much 
greater impact on the overall fluid production and recovery than 
the Sor in tight, low-permeability zones.

To evaluate the average Sor relevant to tracer test interpretation 
or the potential for EOR, it is appropriate to assign a greater sig
nificance to Sor values within regions actively swept by fluid flow. 
A permeability-weighted average Sor is computed to reflect  this 
idea. The weighted average Sor is calculated using the following 
formula: 

Sor;weight =

∑
Ki ⋅ Sor;∞i

◦

Kave
(8) 

where ki and Sor;i represent the k and Sor of the i-th grid cell, 
respectively, and kave is the average permeability of all grid cells. 
This function calculates a permeability-weighted average to more 
accurately reflect  reservoir flow dynamics. Since injected fluids 

and tracers preferentially travel through high-permeability zones, 
the Sor in these pathways has a dominant influence on recovery 
processes. This method yields a more meaningful metric than a 
simple arithmetic average, which would over-represent regions 
that are poorly swept by the flood.

The distribution of the permeability-weighted Sor values 
derived from the ensemble members is shown in Fig. 8. Initially, the 
prior distribution of this weighted Sor was relatively broad, span
ning approximately 0.40 to 0.49, with a peak concentration around 
0.45. Following the data assimilation process, the posterior distri
bution exhibited significant  narrowing, converging to a range of 
0.45 to 0.47. Notably, the peak of this post-assimilation distribution 
demonstrates a close agreement with the independently deter
mined field-scale Sor value of 0.46. Rather than presenting a single, 
potentially unrepresentative value, the ensemble distribution 
provides a robust quantification of the uncertainty associated with 
the estimated weighted Sor. This probabilistic approach facilitates a 
more comprehensive and reliable assessment of the predictions. 
This strong agreement between the assimilated result and the field 
value highlights the effectiveness of the proposed workflow  in 
accurately characterizing the residual oil saturation distribution.
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4. Discussion

4.1. Comparison with traditional interpretation result

The traditional approach to interpreting PITT to estimate Sor 
relies on the fundamental principle of chromatographic separation 
of tracers with different partitioning behaviors between the water 
and immobile oil phases in a reservoir. These traditional inter
pretation methods and formulas are based on several simplifying 
assumptions: 1-D flow, homogeneous formation, equilibrium 
partitioning and immobile residual oil saturation. Two primary 
methods have been traditionally used to quantify this retardation 
and relate it to Sor:

Breakthrough curve analysis (time lag analysis): This is the 
most direct method and involves analyzing the concentration of 
each tracer in the produced fluids as a function of time, generating 
breakthrough curves. The relationship between the time lag and 
Sor can be expressed as (Aparecida de Melo et al., 2001): 

Sor =

(
Δt
tc

)

K − 1 +

(
Δt
tc

) (9) 

where Δt = tp − tc; tp is the arrival time of the partitioning tracer 
and tc is the arrival time of the conservative tracer. K is the oil- 
water partition coefficient of the partitioning tracer.

Method of moments: This method provides a more rigorous 
way to analyze the entire breakthrough curve and accounts for the 
dispersion of the tracer plumes. The first  temporal moment of a 
tracer breakthrough curve is related to the average residence time 
of the tracer in the reservoir. The first temporal moment (M1) for 
each tracer is calculated from its breakthrough curve using the 
following integral (Jin et al., 1995): 

M1 =

∫∞
0 tC(t)dt
∫∞

0 C(t)dt
(10) 

where C(t) is the tracer concentration at time t. The Sor is solved by 

substituting 
(

Δt
tc

)

by M1 in Eq. (9). The method of moments is 

preferred as it considers the entire concentration history and is 
less susceptible to distortions in the peak shape caused by 
dispersion and heterogeneity.

In a perfectly homogeneous system, the time lag observed be
tween a conservative tracer and a partitioning tracer directly 
corresponds to a single Sor value within the swept volume. 
Conversely, in a heterogeneous system, the composite break
through curve at a production well reflects  contributions from 
numerous flow  paths, each potentially exhibiting a different lag 
depending on local Sor and flow  velocity. Consequently, simple 
time differences derived from these composite curves represent an 
average that may not accurately characterize the true spatial dis
tribution of Sor, nor does it necessarily equate to a simple arith
metic average. A comparative analysis of results obtained using 
traditional methods applied to the sample case is presented in 
Table 1. As demonstrated, reservoir heterogeneity and the pres
ence of mobile oil can lead to significant deviations from the actual 
field  scenario. The analytical solution produced results with a 
substantial error of 22%–27%. In contrast, our new workflow 
demonstrates superior accuracy, with an error rate of only 3%. This 
constitutes a significant  error reduction of more than 86%, vali
dating the effectiveness of the new approach. Furthermore, it was 

incapable of providing a permeability-weighted Sor, which is more 
representative of the Sor within the actively flowing  regime. In 
contrast, the proposed new interpretation workflow provides ac
curate calibration for both the absolute Sor and the permeability- 
weighted Sor.

The new workflow  addresses key limitations inherent in 
traditional PITT interpretation, particularly the unrealistic 
assumption that the formation is at complete residual oil satura
tion prior to the test. Achieving such a state solely for the purpose 
of a tracer test is often impractical or cost-prohibitive in field 
operations. By relaxing the idealized assumptions of reservoir 
homogeneity and a unified  residual oil saturation, the imple
mentation of the new workflow significantly expands the appli
cability of PITT to a broader range of reservoir conditions. 
Moreover, the tracer response data itself serves as a valuable 
calibration source for characterizing formation heterogeneity.

4.2. Comparison with the use of only production data

There is increasing adoption of the ESMDA algorithm in auto
mated reservoir history matching workflows. Common data types 
typically include production rates, well pressures, and water-oil 
ratios. To investigate the impact of data source, a comparative 
case study was conducted where the same ESMDA workflow was 
applied, but assimilating only water production rate and injector 
pressure data. The resulting history match for the Pinj, Qw from this 
production-only case is presented in Fig. 9. While the workflow 
achieved a satisfactory match for the observed history, the esti
mated reservoir properties were not accurate.

The estimation results for permeability and Sor derived from 
this production-only assimilation are shown in Fig. 10. RMSE for 
Permeability field  is 0.2508 and 0.0805 for Sor field.  The results 
indicate a significant  degradation in model accuracy for Case 2. 
Specifically, the permeability field estimation suffered an 84% in
crease in RMSE, while the Sor field  saw a 49% increase in RMSE, 
highlighting the superior performance of the methodology used in 
Case 1. As evident from the figure,  the resulting posterior distri
butions for permeability and Sor do not align well with the known 
or independently validated geological representation of the field. 
Specifically, the estimated permeability field  fails to capture the 
presence of the high-conductivity channel, and the Sor distribution 
does not exhibit the expected clustering pattern typically observed 
around such high-permeability, swept areas.

This discrepancy is attributed to the inherent non-uniqueness 
associated with history matching complex flow behavior in hetero
geneous reservoirs. Reliance on a single data source, particularly 
indirect signals like pressure or bulk production rates, provides 
insufficient diagnostic power to uniquely constrain the underlying 
spatial distributions of reservoir properties. Such indirect constraints 
can lead to significant  deviations from the true reservoir state. 
Furthermore, powerful assimilation algorithms like ESMDA, when 
constrained by limited or indirect data, may converge to solutions 
that match the observed data, but produce spurious or geologically 
unrealistic parameter estimates. The addition of tracer data, 

Table 1 
Interpretation result comparison with analytic solutions.

Method Sor Weighted Sor

Peak location 0.20 -
Method of momentum 0.25 -
ESMDA workflow (Peak) 0.44 0.46
True value 0.47 0.46

Z.-H. Zhao, Y.-H. Ou, C.-Q. Jia et al. Petroleum Science 23 (2026) 4914–4926

4921



especially from partitioning tracers, offers a more direct measure
ment of fluid flow pathways and the spatial distribution of Sor. The 
proposed new interpretation workflow leverages the multi-source 
assimilation capability of ESMDA, integrating both water 

production rate and tracer data to simultaneously adjust the k and Sor 

distributions. The joint assimilation of these diverse observation 
types imposes synergistic constraints, enhancing the reliability and 
resolution of the resulting reservoir characterization.
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4.3. Data sampling and noise handling

The observed characteristics of oil field  tracer behavior are a 
direct consequence of the complex and dynamic environment 
within the reservoir, subject to inherent limitations in the mea
surement process. Operational factors during tracer tests, 

including variations in tracer injection rates or concentrations, 
unscheduled well interventions (such as shut-ins or startups), and 
alterations in production manifold configurations,  can signifi
cantly influence subsurface flow patterns and the resulting tracer 
recovery profiles.  Furthermore, the chemical analysis of tracer 
concentration, often performed at very low detection limits is 
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susceptible to analytical errors and background interference. 
These effects can manifest as spurious transient anomalies or 
deviations in measured tracer concentrations. In contrast to the 
smooth tracer curves predicted by idealized simulation models, 

field  test results frequently exhibit significant  irregularity, as 
illustrated in Fig. 11. Accurately identifying the peak arrival time 
for each tracer is challenging in many field scenarios, and quan
titatively evaluating the impact of measurement uncertainty on 
interpretation is also difficult.

The observation error covariance matrix (R) plays a critical role 
in the ESMDA algorithm. This matrix characterizes the statistical 
properties of the uncertainties associated with the observations. 
Specifically, it quantifies  the uncertainty level of individual ob
servations and describes the correlation structure among the er
rors of different observations. The structure and magnitude of R 
significantly influence the degree to which the assimilated model 
output conforms to the actual observations; a smaller R promotes 
closer adherence to the observational data, whereas a larger R 
permits greater deviations between the model predictions and the 
observations. A comparison demonstrating the effect of varying R 
on the interpretation results is presented in Fig. 12. For instance, 
when the covariance matrix was scaled by a factor of 10 compared 
to the initial configuration,  the resulting posterior ensemble 
exhibited increased dispersion relative to the original setup. This 
wider scatter indicates greater variability within the ensembles, 
reflecting reduced confidence in the observational data.

The assimilation results for k and Sor are shown in Fig. 13. The 
RMSE for Permeability field against true field is 0.1688 and for Sor 
field is 0.0568. Case 3 provides a comparable level of accuracy for 
matching the Sor field, with its RMSE being only 5% higher compare 
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to Case 1. However, Case 3 shows a more significant deviation in 
matching the permeability field,  where the error is 24% greater 
than in Case 1. The k and Sor fields retained key features, such as 
the inferred high-conductivity channel between the injector and 
producer wells and the clustered Sor distribution. However, these 
features displayed greater spatial variability.

The weighted Sor distribution, shown in Fig. 14, indicates a 
wider posterior distribution band, spanning approximately 0.44 to 
0.50, with a peak value between 0.455 and 0.465. This demon
strates that the proposed workflow enables explicit control over 
the magnitude of parameter uncertainty by adjusting the obser
vation error covariance matrix. The application of ESMDA, specif
ically through modification  of the observation error covariance 
matrix, facilitates the management of uncertainty scales and 
effectively accounts for the impact of data sampling errors and 
noise, thereby enhancing the robustness of the interpretation.

4.4. Assimilation for a reservoir with a high permeability 
heterogeneity

To assess the effectiveness of the workflow at high permeability 
heterogeneity, the permeability range was varied from 1 mD to 

100 mD using the same random setup, while the Sor distribution 
remained consistent with the base case. Due to the constant in
jection rate and production pressure boundary conditions, the 
overall shape of the simulation results did not change significantly. 
The assimilation workflow was repeated for 100 ensembles. Fig. 15
shows the Pinj, Qw and the two tracer concentrations. The assimi
lated permeability and Sor distributions can match the true Pinj, Qw 
and tracer concentrations, demonstrating the algorithm's success.

The permeability and Sor spatial distribution before and after 
assimilation are shown in Fig. 16. The RMSE for permeability field 
is 33.9 and for Sor field is 0.055, which is identical for Sor estima
tion compared to base case. The Sor distribution before and after 
assimilation are shown in Fig. 17. Initial guess was broad, but the 
assimilation brings it close to the true mean. This sensitivity 
analysis confirms the workflow's robustness and its applicability 
across different scales of permeability variation and diverse het
erogeneity setups.

5. Conclusions

While the fundamental concept of partitioning inter-well tracer 
test is simple, its accuracy has long been hampered by the overly 
simplified assumptions such as homogeneous reservoir. To over
come these limitations, this research introduces a numerical 
interpretation workflow  integrating UTCHEM with the ESMDA 
algorithm. This advanced framework calibrates the spatial distri
butions of permeability and Sor by jointly assimilating fluid pro
duction rate, pressure and tracer concentration data. We 
demonstrate the workflow's superior performance by comparing 
it against traditional interpretation methods and a history- 
matching case without tracer data. Furthermore, a sensitivity 
analysis on key geological and algorithmic parameters validates its 
robustness for real-world applications. This work expands the role 
of PITT from a single saturation measurement into a comprehen
sive tool for evaluating formation heterogeneity (permeability and 
oil saturation distributions). The integrated approach offers a cost- 
effective method for improving inter-well characterization for Sor 
(or NAPL saturation) estimation. The following conclusions are 
drawn from this study.

1. The proposed workflow  successfully integrates multi-source 
data using ESMDA to generate high-resolution estimates of k 
and Sor fields.
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2. PITT is a powerful tool for the simultaneous characterization of 
both inter-well permeability and Sor.

3. A permeability-weighted Sor is shown to be a more robust 
metric for assessing a reservoir's production potential than a 
simple volumetric average.

4. The inclusion of partitioning tracer data significantly improves 
the accuracy and resolution of reservoir models developed 
within a data assimilation framework.

5. By co-assimilating production data, the workflow mitigates the 
underestimation of Sor by analytical solution, a known limita
tion of traditional analytical PITT interpretation methods.

6. The ensemble-based ESMDA framework provides probabilistic 
forecasts, enabling rigorous uncertainty quantification  of the 
estimated reservoir properties even with sparse and noisy data.
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